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Abstract

The ultimate aim of research into computer vision is designig a system which interprets
its surrounding environment in a similar way the human can doe ortlessly. However, the
state of technology is far from achieving such a goal. In thighesis di erent components of
a computer vision system that are designed for the task of irgrpreting man-made scenes,
in particular images of buildings, are described. The ow ofinformation in the proposed
system is bottom-up i.e., the image is rst segmented into is meaningful components and
subsequently the regions are labelled using a contextual asi er.

Starting from simple observations concerning the human vien system and the gestalt laws
of human perception, like the law of \good (simple) shape" aml \perceptual grouping”, a
blob detector is developed, that identi es components in a D image. These components
are convex regions of interest, with interest being de ned & signi cant gradient magnitude
content. An eye tracking experiment is conducted, which shws that the regions identi ed
by the blob detector, correlate signi cantly with the regio ns which drive the attention of
viewers.

Having identi ed these blobs, it is postulated that a blob represents an object, linguistically
identi ed with its own semantic name. In other words, a blob may contain a window a
door or a chimney in a building. These regions are used to iddify and segment higher
order structures in a building, like facade, window array ard also environmental regions
like sky and ground.

Because of inconsistency in the unary features of buildings contextual learning algorithm
is used to classify the segmented regions. A model which leas spatial and topological
relationships between di erent objects from a set of hand-abelled data, is used. This

model utilises this information in a MRF to achieve consistat labellings of new scenes.
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Chapter 1

Introduction

Nowadays, one is able to sit in front of his/her computer and \rtually explore the street

views of various cities around the world from New York and Lordon to Tokyo and Mel-

bourne, using freely available facilities provided by Goote Earth. This, of course, has
simpli ed the exploration of neighbourhoods at street levd and can o er the prospective
visitor a preview of the location. It assists new businesses planning their new opera-
tions, simpli es locating shops, hospitals, restaurants ad also getting driving directions.

However, there are still several ways to improve this type ofapplications, by integrating,

for example, algorithms which automatically construct 3D models of the streets and build-
ings using the street view images, or identifying and recogsing di erent objects in the

scene. For instance, automatically identifying the entrarce to a building or counting the
storeys of a building may improve the performance of navigabn systems. The automatic
construction of 3D models of buildings is very useful in urba planning, but currently

available 3D models are simply geometric constructs, with b semantic identi cation of

the depicted components. So, such city models cannot be usddr automatic navigation

through them, identi cation of facilities or other tasks th at require the use of specic
structures. For such applications, an intelligent system & required for interpreting the
urban scenes automatically, in a manner similar to that in which the human vision can do
naturally and e ortlessly.

An interpretation module in the context of computer vision and human perception can
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be viewed as a multi-layer system with the layers being fullyconnected to each other.
The lower layers are more related to the low-level tasks suclas feature extraction, seg-
mentation and mapping, whereas the higher layers correspahto high-level tasks such
as object recognition, categorisation, event recognitiorand situation assessment. Based
on this realisation, two types of interpretation system hawe been introduced in the lit-
erature: 1) Bottom-up interpretation systems, in which the information ows from the
lower levels to the higher levels. These models are justi ety the feed-forward theories
on the visual cortex in the human vision system. In this type d system the aim is to
assign semantic labels to the features or regions which arelénti ed by an unsupervised
image processing module (like edge detectors, homogeneowegion detectors and image
segmenter). The semantic labels are subsequently assigneaithe identi ed regions using
logic based rules [1] [2] [3] [4] [5], probabilistic model$] [7] and also more recently a com-
bination of probabilistic models and logic rules [8]. 2) Topdown interpretation in which
higher level knowledge guides the lower-level task. These adlels are based on theoretical
arguments and biological evidence which indicate top-dowrinformation should be used
to guide low-level vision tasks. In this type of system geneal knowledge, domain specic
knowledge and image speci ¢ knowledge (contributed interatively by a human collabora-
tor) are used for the low level tasks like segmentation. Somworks in this domain can be
found in [9] and [10]. In addition, recently, researchers hee become interested in designing
models in which the ow of information between low levels andhigh levels should become
bi-directional [11] [12].

The focus of this thesis isengineering a new \bottom-up" intelligent system for learning
to interpret images of buildings which are taken from the graund view. Interpretation is
de ned as identifying and recognising di erent objects in a scene. Interpreting building
scenes has the same challenges as any other task of learnirg recognise visual objects
(as opposed to recognising words, sounds, actions or situans). In addition, building
structures are much less consistent in their shapes, colosy textures and locations of their
parts. This is mainly due to cultural, functional and aesthetic factors in uencing architec-
ture. For instance, conventional models of object detectio methods use a sliding window

across the image and apply a binary classi er at each windowd detect the presence or
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absence of the desired target object. While this approach e been successfully applied
to detecting objects which are rigid (consistent in low levé features like shape, texture
and colour) such as faces and cars and even pedestrians, itirappropriate for detecting
buildings or its subparts, in a scene as the buildings are notonsistent in shape and colour.
This implies the need of designing new strategies for intengeting this type of image.

The rst and foremost problem in learning tasks is the segmetation of the components
that are to be learnt by an intelligent system. It is very likely that segmentation and
learning the identity of the components is probably taking place simultaneously in the
human brain, but this is very di cult to emulate in computer a pplications, as it bridges
several steps between the raw data and the semantic level. &ting from simple obser-
vations concerning the human vision system and the gestaltaws of human perception,
like the law of \good (simple) shape" and \perceptual grouping”, we developed a blob
detector that identi es components in a 2D image. These compnents are convex regions
of interest, with interest being de ned as signi cant gradi ent magnitude content. Similar
to the overt attentional mechanism of the human vision systen which is considered to be
at the lowest level of interpretation in the human perception, the identi ed blobs in this
model are considered to be the lowest level of interpretatin in the proposed interpretation
system.

Having identi ed these blobs, we may make the jump and postuate that a blob represents
an object, linguistically identi ed with its own semantic n ame. In other words, a blob
may contain a window a door or a chimney in a building. We may then make use of these
regions to identify and segment higher order structures in abuilding facade. By higher
order structures, we mean aggregates like \Window Array", the \Facade" and \Roof",
with aggregates being de ned as entities which contain smaér parts. For instance, a row
of windows constitutes a window row, the facade consists of iwdows, doors, balconies etc.
and the roof may contain chimneys and dormers.

Finally, the identi ed regions are classi ed using a contextual based classi er. As men-
tioned earlier, because of inconsistency in shape, texturand colour of buildings and their
parts, recognition cannot be done with conventional pattein recognition methods, i.e. with

the help of textural, colour or shape features of segmentedegions and the help of a good
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classi er. Instead, context should play a more signi cant role in the task, since most
buildings and their parts have common spatial arrangements For example, a facade is
located above the ground and below the sky, a door is locatedtahe top of stairs and
inside a facade, a roof is above the facade, etc.

This thesis is structured as follows: Chapter 2 describes aimage processing scheme which
extracts busy convex blobs in an image distinct from their surounding. In this scheme
we combined a non-linear smoothing algorithm (known as Tobggan enhancement) with
a linear smoothing algorithm and morphological operators in order to extract busy parts
of a building scene.

Chapter 3 presents an eye tracking experiment in which we copare the gazed regions
with the extracted blobs. We show that the extracted blobs carelate in a statistically
signi cant way with the regions that attract the attention o f most viewers when the view-
ers are in investigative mood. In the same experiments we absvalidate the performance
of the saliency model of Itti et.al [13]. These experiments Isow that the investigative
mood vision is a ected both by the pre-attentive vision (modelled by saliency) and by the
components of the image with semantic content.

Chapter 4 shows a technique for retrieving missing subpart®f a building which were not
detected by the blob detector, by assuming that a building sene often includes a set of
repeated prototypes. For this, we rst investigate the existence of a prototype from the
extracted regions and subsequently search the original inge again to discover regions that
were missed in the rst stage of processing. Using the disceved prototype, we generate
hypotheses for the other possible regions of interest. We gofoy some similarity measures
to verify or reject the existence of the generated hypothese

In order to have a more complete low-level interpretation ofimages of buildings, identi-
fying pixels which belong to the facade is also essential. laddition, identifying regions
which contain \Sky" \Ground" and \Foliage" can be useful for higher levels of interpreta-
tion, especially when contextual information is intended to be incorporated in the higher
interpretation modules. Chapter 5 describes the techniquefor addressing this problem.
For segmenting the facade we propose a probabilistic segmition model based on the

colour models which are approximated from the identi ed blobs. Further, we use a combi-



1. Introduction 12

nation of an inpainting algorithm and mean shift algorithms to segment other parts of the
environment, like sky and ground. Later, in the same chapter we integrate the segmented
regions and blobs into a single map in order to present it as aow-level interpretation to
the next part of the algorithm in which the regions are labelled.

Chapter 6 presents a contextual learning algorithm which isused for classifying the seg-
mented regions. For this, we use a model which learns spatiand topological relationships
between di erent objects from a set of hand-labelled data awl it utilises this information
in a Markov random eld (MRF) model to achieve a consistent labelling of new scenes.
The MRF is de ned not over a pixel array, but over the set of regions that correspond
to objects. From training data the system learns a set of probtypes and the probability
distribution over labels for a region, given the objects in ts local neighbourhood. These
supply the conditional probabilities that de ne the MRF and are used during an iterative
relaxation scheme to nd a probable realisation given the stuctural relationships observed
in a new scene. Finally, in Chapter 7 we summarise and discus&rious directions which
may improve the proposed interpretation scheme.

In summary, the original contribution of this thesis, is in t he system level, since we engi-
neered a \bottom-up system" for interpreting images of manimade scenes, namely, building
structures. For this we designed an image processing algthim for segmenting the scene
into meaningful regions and subsequently classi ed the reigns on the basis of context.
Papers which have been published and submitted in accordaecto the present thesis are

as follows:

Journal Paper:

M. Jahangiri, M. Petrou. Investigative Mood Visual Attenti on Model. Journal of

Computer Vision and Image Understanding, Elsevier. (UnderReview)

Conference Proceedings:

M. Jahangiri, M. Petrou. An Attention Model for Extracting R egions that Merit

Identi cation. In Proceedings of the IEEE International Co nference on Image Pro-
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cessing (ICIP 2009), Cairo, Egypt, November, 2009.

M. Jahangiri, M. Petrou. Fully Bottom-Up Blob Detection in B uilding Facades. In
Proceedings of the 9th International Conference of PatternRecognition and Image

Analysis: New Information Technologies (PRIA 2008), Nizhry Novgorod, Russian
Federation September, 2008.



14

Chapter 2

Blob Detection

2.1 Introduction

The most interesting parts of an image are those that containsome variation i.e. some
local texture. For example, eye tracking experiments have lsown that the gaze of the
viewer when looking at a face is attracted by the eyes and the wuth and far less by the
cheeks which are in comparison at areas [14]. In general, pts of an image that may
contain interesting structures and may require interpretation are those where the image
gradient shows signi cant spatial variation. Flat regions are hardly informative on their
own. In an automatic system of interpretation, therefore, amechanism is required to draw
attention of the system to those parts of the image that are meat likely to contain useful
or meaningful information. This mechanism should not be scke or colour sensitive and it
should be such that regions of interest may be easily identied in its output in the form
of \blobs", by a simple thresholding. Based on these ideas, anethodology for region of
interest extraction based on the calculation of local gradent magnitude at various scales
is proposed.

We wish to stress here that the regions of interest extractedy this module, are not the
same as those that would attract the attention of the viewer & the pre-attentive stage.
Those regions of interest tend to be salient points that are dtinct from their surroundings

and depend on mechanisms having a lot to do with animal survial skills: a fast moving
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object in our direction, a green maggot on a red fruit, a red fuit in green foliage. Further,
we are not interested in identifying maximally stable features [15] or characteristic parts
of objects in order to detect the presence of certain objectin a scene [16]. Our purpose
is not to de ne the presence or absence of a speci ¢ object orotsolve the correspondence
problem like the above mentioned references do. It is to exact the regions in an image
that merit further analysis by a higher level interpretatio n module.

Based on these ideas, in this chapter we present a methodolpdor identifying blobs in
images. These blobs may include the subparts of a buildingke windows, doors, chimneys,
a person in a room or a car in the street. This chapter is structired as follows. Section 2.2
describes similar techniques that have been proposed in thigerature related to various
types of the so called blob detectors is reviewed. Section psents 2.3 the methodology for
extracting blobs in a scene. Section 2.4 reports on the perfmance of the blob detector
in the application of detecting subparts of buildings. Finally, we summarise and conclude

in section 2.5.

2.2 Literature Survey

\Blob" in the computer vision literature refers to points an d/or regions in the image that
are either brighter or darker than their surroundings [17]. In some applications \blobs"
are already the desired objects to extract (eyes, particlescells), however, in other systems,
blobs are used as input for higher levels of reasoning, e.gorffacade interpretation or car
detection.

There is an extensive work in the literature for extracting blobs in the images. These can

be can categorised as follows [18].

Matched lters/template matching: These methods are not robust to shape defor-

mations, therefore, their applicability is limited.

Watershed detection Blobs can be characterised by a quite homogeneous interior

which is surrounded by a boundary edge. The basic idea of watshed segmentation is to
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consider the regions to be extracted as catchment basins inopography. The watershed
lines are then the boundaries of catchment basins. Such kiredof structures can be ex-
tracted by the so called watershed algorithms [19]. The mairdisadvantage of this approach

is that it is highly sensitive to noise and it will usually result in over-segmentation.

Blob detection through scale space: There have been extensive e orts toward this
category of blob detection. Laplacian of the Gaussian (LoG)[17] is one of the rst and
most common blob detectors in sthe literature. The DoG (Di erence of Gaussian) blob
detector, which is in essence similar to the LoG, is the basief the well known feature
extraction procedures known as the SIFT features [16]. The dterminant of the Hessian
(DoH) matrix is another blob detector which was proposed in L7]. The hybrid Laplacian
and determinant of the Hessian operator (Hessian-Laplaceyvas proposed in [20]. In this
approach authors used the determinant of the Hessian to cha® the location of the blobs.
The scale of each blob was then selected by using the scalernmlised Laplacian.
Maximally stable extremum regions (MSER) [15] can also be casidered as another case
of blob detection, used for extracting descriptors that arerobust under perspective trans-
formations. The authors of [15] studied level sets in the inénsity landscape and measured
how stable these were along the intensity dimension. Basednothis idea, they de ned a
notion of maximally stable extremum regions. Although someof the blob detectors in-
troduced in this category show good invariance to some imaggansformations, that may
be useful for the tasks of matching, object recognition, traking etc, they do not contain

much information if one wants to use context or object distribution in a classi cation task.

Structure tensor analysis: [21] [22]. In these methods, potential interest points
are detected by analysing and thresholding the eigenvaluesf the structure tensor. This

method has the limitation of extracting circular structure s only.

Biologically inspired region detectors: In order to extract interesting regions, some
works [13] [23] [24] try to simulate the human visual searchtsategies. In [13] a map known

as saliency mapis built from the early visual features which are assumed to le colour,
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orientation and intensity. In another model [24] the authors proposed a feature extraction
scheme for the task of object recognition by simulating the ortex-like mechanisms. In
this technique the authors make use of Gabor Iters at di erent scales and sizes to provide
a model of simple receptive elds. The authors in [24] claimd that their feature extrac-
tion procedure is more selective in comparison with other fature extraction procedures.
Therefore, better scene classi cation results may be obtaied.

In this chapter we propose a blob detector which is inspiredriom the human brain but not
from the Ganglion cells of the retina which act as spot deteabrs. We are rather inspired
by the Ganglion cells of the V1 region that act as line and edgealetectors. In contrast
to [13] this model does not include colour as one of the pre-tdntive features: We are
interested in identifying a door for further interpretatio n either it is red or blue, and we
are not interested in interpreting rst a red door that stick s out more prominently in a
yellow wall than a white door does. So, we are not ranking the xracted regions in any
sense of saliency. Such a strategy may result in extractingegions whichmerit further

analysis by higher levels of interpretation.

2.3 Methodology

Steps of the proposed methodology for extracting blobs in dour images are shown in
gure 2.1. In this method we wish to identify regions of interest on the basis of the
variation they show, irrespective of colour and scale. The biman vision system makes
use of the output of Ganglion cells that are designed to estirate the rst and second

spatial derivatives. The response of such cells may be moded by the rst and second

derivatives of a Gaussian. The use of derivatives of Gaussiahas dual purposes: such
Iters smooth and di erentiate at the same time. Smoothing i s linear as these lters are
linear. However, it is possible that alternative smoothing techniques to be applied before
di erentiation. We propose, therefore, here to use a combiation of an edge preserving
smoothing followed by Gaussian based Iters. We shall then Bow the advantage of
using the edge-preserving smoothing in the application of dtecting subparts of buildings.

Furthermore, as we wish to measure local structure indepereht of colour, we apply
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Inputvlmage

Toboggan enhancement for colour images
y
Applying a combination of Gaussian filters at different scales
y
Taking the maximum over the colour channels at each scale.
Adding the outputs of all scales.
y
Thresholding. Mathematical morphology, Connected
component analysis. Removing less prominent regions
y
Considering the bounding boxes of all the extracted
regions as the regions of interest.

Figure 2.1: The block diagram of the proposed algorithm for e xtracting blobs

these operators in each colour band separately and take the aximum response of all
three bands for each combination of lters. Finally, as we ae not interested in any
particular scale, the lIters of various sizes are applied, jist like the human vision system
does, having cells that work at a variety of scales. Once allhiese lter outputs have
been computed, their values are added, to produce the nal otput which is expected to
highlight the regions of interest where an interpretation module should be directed.
Having constructed a Gradient map based on the combination bthe edge preserving
smoothing and a combination of Gaussian kernels, in which thB various regions have
been enhanced appropriately, a thresholding algorithm is pplied and a binary map is
estimated. The connected components in this binary map are ften composite, highly
irregular and concave. Therefore, it is essential to sepata the convex and regular
regions from the concave and highly irregular parts. For ths we employed morphological
operators and connected component analysis techniques toiglinguish and separate
regular parts from irregular regions.

For improving the extraction performance when blobs overlg with each other the regions
which are less prominent in comparison with the other ones, @ deleted using the
constructed interest map. In the nal stage the bounding boxes of the extracted binary

regions are considered as the regions of interest.
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In the following sections steps of the block diagram shown ingure 2.1 are described in

more details.

2.3.1 Toboggan Edge Preserving Smoothing

The input colour image may be smoothed and have its contrast elmanced via an algo-
rithm which was proposed in [25] and known asToboggan contrast enhancement
This technique is used for generating connected edges andrmotected subregions. Basi-
cally, the reason for using this algorithm is to create wellde ned borders for the various
regions. In other words, we expect bene ts from this pre-pr@essing step in terms of en-
hanced regions which are a ected by blurring. As an exampleet us consider the image

shown in gure 2.2-a. It can be seen that the borders of the widlow are blurred (ramp

Figure 2.2: a) Image of a window before enhancement. b) After c ontrast enhancement

edges). After applying the contrast enhancement algorithm the image shown in gure
2.2-b is obtained. From this image it can be seen that the rampedges are transformed
into step edges, and the colour variation of the window area hAs become lower.

The Toboggan contrast enhancement algorithm consists of t@ main steps which are
smoothing and inheritance . The inheritance algorithm, which was used in [25], is

designed for grey images, however, we modi ed it to be suitale for colour images as well.
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Smoothing:  The Inheritance algorithm can be quite sensitive to small déails, in par-
ticular noise. To eliminate the e ect of noise, the original image should be smoothed by
a linear operator. In order to smooth the image, we use the Gassian kernel. As the
Gaussian kernels are separable, the image is rst convolvedith a one dimensional Gaus-
sian kernel along thex direction and the output is convolved along they direction. The
smoothed image is stretched by applying a linear operator tat maps the minimum value

to 0 and the maximum value to 255.

Inheritance: In some image processing algorithms (like adaptive smoothg) the grey
value at each pixel p is replaced by a weighted average of the grey values in the 9-
neighbourhood of p. In the inheritance algorithm this concept is radicalised and the
grey value at pixel p is replaced by one of the grey values in its 9 neighbours. In ber
words, pixel p inherits the grey value of one of its 9 neighbours. As an example, if p&
p1 inherits from pixel p», and pz inherits from ps, then ultimately p1, p2 and ps would all

inherit the value originally at ps. The main question in the inheritance algorithm is to

Figure 2.3: pl, p2 and p3 would all inherit the value of ps3

decide which pixel inherits from which pixel. In Toboggan enhancement a pixel is

the ultimate ancestor of a set of pixels if it is a local minimum in the gradient
magnitude domain . For clari cation, let us de ne the output image as T, the input
image' as| and the gradient magnitude of | as G. The inheritance algorithm consists of

the following steps.

1. De ne a matrix T with dimensions equal to imagel and initialise its components to

1.

2. Calculate Gy by convolving | with kernel S, where S is de ned as:

1The smoothed version of the original image
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BN R
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and Gy by convolving I with the transpose of kernelS.
3. Let G(isj ) = GX(i;j ) + GJ(isj)
4. for i=1;2; ;M (M is the height of the image)do
for j =1;2; ;N (N is the width of the image) do

5. if T(i;j ) (the pixel value at coordinate [i;j ] of matrix T) is equal to 1, go to the
next step, otherwise go to the previous step and continue urit all pixels of matrix

T inherit a value from image | .

6. Consider the following matrix.

2 3
G(ij) GG 1j 1) i i - G(ij) G 1j+1)
P> G@i;j) GG 1j) >

To=8 G(i;j) G(i:j 1) 0 G(@i;j) G +1) (2.1)

G(isj ) %(i{l D) G(i;j) G(i+1:j) G(isj ) %(i{l J+1)

Find the maximum value of matrix T, and let [i1;]1] be the pixel coordinate where
To is maximum. In other words [i1;j1] = argmax T,. It should be noted that this

location is with respect to the original image coordinate sgtem.

7. If [i1;j1] was not the same asi{j ], then store [i;j ] in the memory stack and replace
i ipandj ji1 and go to the previous step; otherwise all of the pixels off which
are stored in the memory stack will inherit value | (i1;j1). In other words, 1 (i1;]1)

is the ultimate ancestor of all pixels which are stored in thememory stack.

In gure 2.4 a row of an image matrix before and after enhancerent is depicted. It can be
seen that the ramp edges in the original image are transfornteinto step edges, and noisy

structures are eliminated in the transformed signal. As a reult, edges become stronger
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and the connectivity in the sub-regions is increased. For dmonstration purposes, we run
di erent steps of this algorithm on a synthetic 6 6 image. The intermediate steps are

shown in gures 2.5-2.8.
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Figure 2.4: A row of an image and its enhanced version are plot ted as 1D signals.

Toboggan enhancement for colour images In order to enhance colour images, three
bands (Red, Green and Blue) of the input image should be condered. The basis of
inheritance is the gradient magnitude of the input image. Fa this, we de ne an energy
function which is the basis of inheritance in all three bandssimultaneously. This energy

function, E, is de ned as:

q
E(i;j)= jr Irj®+jr 1gj2+jr 1gj° (2.2)

wherer is the gradient operator, |r, | and Ig correspond to the RGB colour bands of
imagel . In this technique we usedE to nd the ancestor of a pixel, say p. In other words,

the pixel at location p in all three bands, inherits the value of the corresponding land at
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Gradient of Input image.
The values have been rounded

Initial Tobogann Image Input Image to the nearest integer
A -1 -1 1| 1) o1 46| 31| 30| 32| 45/ 60 105 | 86| 60| 87146 (168
T T O T | 28] 15| 15| 15| 30| 44 91] 85| 64| 89132 h42
T T O I | 29| 16| 14| 15| 30| 46 61l 56/ 2| 62118 po1
T S T O T | 20| 14| 16| 16/ 31] 43 ge|] 81| 61| 89132 ha7
A 1| -1 1| 1) 1 441 30| 30| 30| 47] 61 150 [133 118 [131 {147 p95
T T O T | 60| 44| 46| 44| 60| 60 167 [140 [120 [144 195 [238
First phase of inheritance Tobogann image after the Second phase of inheritance
. first phase of inheritance
T T T O B T A |
15| a| 14 1| al a] " 19]
N AN
12 a| | 14 ] ] NUEY)
- N
T S T S B T |
T T O B T A |
T S T S B T A |
Tobogann image after the Third phase of inheritance Tobogann image after the
second phase of inheritance third phase of inheritance
T T T I | T T s O 1 |
1| 14| 14 1] 2] 1] 1| 14| 14 14] 1| 2
N
al | 14 | 1] 1 14 al | 14 | 1] a1
/ >
T S S T T O |
T T O T | A 1| -1 1| 1 o
T S T O T | T W |
Figure 2.5: The rst three phases of the inheritance algorit hm which is applied to
a synthetic image, are shown in this gure. The original imag e and its gradient are
shown at the top of this page. It should be noted that a pixel in herits its value from
one of its 9-neighbours by considering the gradient values of them. (The borders of

the synthetic image are not processed)
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Input Image
46| 31 30 32 45 60
28] 15| 15/ 15 30| 44
29] 16| 14 15 3Q 46
291 14 16 16 3 43
441 30| 30| 30/ 47| 61
60| 44 46 44 60 60

Fourth phase of inheritance

Tobogann image

Gradient of Input image.
The values have been rounded
to the nearest integer

105 86| 60| 87[146 (168

91} 85| 64| 89132 p42

61} 56| 2 62[118 p21

86] 81| 61| 89132 p47

150 N33 118 131 (147 Q95

167 140 120 (144 [195 2238

after the Fifth phase of inheritance
fourth phase of inheritance

al alalala |4
30| 4| 14] 14 14 14 a4
a N

Ty 1y | | 14 14 1] Y

N AN > N AN
al a] alaa [a1 »
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Tobogann image after the
fifth phase of inheritance

Sixth phase of inheritance

Tobogann image after the

sixth phase of inheritance

-1 -1 -1 -1 -1} -1

-1 14| 14| 14| 14| -1

-1 14| 14 14 1] -1

al al al al a] 4

4| 14] 14 14 14 a
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Figure 2.6: Steps four to six. The original image and its grad
the top of the page for the ease of tracking the procedure of in

of the synthetic image are not processed)

ient are also shown at
heritance. (The borders




2.3 Methodology

25

Gradient of Input image.

The values have been rounded.

Input Image to the nearest integer
46| 31 30 32 45 60 105 86| 60| 87146 (168
28] 15| 15/ 15 30| 44 91] 85| 64| 891132 j42
291 16| 14 15 3Q 46 61) 56 2 62]118 21
291 14 16 16 3 43 86] 81| 61| 89132 p47
441 30| 30| 30| 47| 61 150 fL33 118 (131 (147 95
60| 44 46 44 60 60 167 (140 (120 [144 (195 238
Seventh phase of inheritance Tobogann image after the Eighth phase of inheritance
. seventh phase of inheritance
-1 -1 -1 -1 -1 -1
-1 14| 14| 14| 14 -1
12 1| 14] 14] 14] 14] 12
| AN - e\
12 Al 14 2] a1 o 19
N N
1) -1 -1 -1 |1 |1
A0 -1 -1 -1 -1 |1

Tobogann image after the

eighth phase of inheritance

T R T B T e R A |
1| 14| 14 14 14) 1
1] 14| 14 14 14
| 14| 14 1] 1| 4
T S T R I R S |
T T T I

Figure 2.7: Steps seven to nine. The original image and its gr
at the top of the page for the ease of tracking the procedure of

Ninth phase of inheritance

Tobogann image after the

Ninth phase of inheritance

borders of the synthetic image are not processed)
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>
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Gradient of Input image.
The values have been rounded

Input Image to the nearest integer
46/ 31 30 32 4% 60 105 86| 60| 87146 (168
28] 15| 15| 15| 30y 44 91] 85 64| 89132 p42
29] 16| 14 15 3¢ 46 61] 56| 2 62118 p21
291 14/ 1 16 3 43 86] 81| 61 89132 p47
441 30/ 30| 30/ 47] 61 150 33 118 131 147 p95
60| 44 46 44 60 60 167 [140 120 144 (195 238
Tenth phase of inheritance Tobogann image after the Eleventh phase of inheritance

tenth phase of inheritance

1) -1 -1 -1 -1 -1

-1 14, 14] 14] 14 -1

1y 13 | 14 14] 14] 14 1)
k<}i/\ > @ P
3 Al al alal- B
\/1 1 al alala]| a2 \1/4%
al alalala 2 -=yd
N/

1) -1 -1 (-1 (-1 -1

Tobogann image after the Tobogann image after 14 phases of

eleventh phase of inheritance inheritance is completed

-1 -1 -1 -1} -1 -1 -1 -1 -1 -1 -1 -1

1| 14] 14 14] 14 1| 14 14| 14) 14| 1

1) 14| 14 14 14 -1 -1 14| 14 14 14 -1

-1 14| 14, 14 14| -1 -1 14| 14| 14| 14, -1

1) 14 -1 -1 -1 (-1 -1 14 14 14 14 -1

1) -1 -1 -1 (-1 (-1 1) -1 -1 -1 -1 |1
Figure 2.8: Steps nine to eleven. The inheritance algorithm will be stopped when all
of the Toboggan matrix have a value but 1. In this case, the inheritance algorithm
is repeated for 25 times. The nal enhanced matrix is shown in this gure. (The

borders of the synthetic image are not processed)
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location g, where g is found by the energy function which is de ned by equation (22).

2.3.2 Gaussian Kernel design

The discrete Gaussian kernels which we use are de ned as:

2

g (N=ezz jnj M (2.3)
n2
®(n)=nezz jnj My (2.4)
0 _ 2 1 LZZ . -
¢®tn)= n* S ez? jnj Mg (2.5)

where is known as the scale (standard deviation) of the Gaussian faction. The co-
e cients of the smoothing Iter, equation (2.3), are normal ised so their sum is equal to
1. This is a common characteristic for all smoothing lters, so that they leave the direct
component of the signal unchanged. The sum of the coe cientsof the rst and second
derivatives of the Gaussian kernel, equations (2.4) and (3), should be equal to zero, so
they produce zero responses when applied to a constant signé&o, the sum of the positive
coe cients of each lter is set to 1 and the sum of its negative coe cients to 1. The
number of coe cients of each lteris 2M1+1, 2M, +1 and 2M3 + 1, respectively. For
calculating M1, M» and M3, the discontinuity, , created by the truncation of the kernels
has to be selected. For instance, the number of kernel coe @nts used for designingy (n)
is2M1+1, where M1 is given byg (M1) " , and similarly for the other kernels. It should
be noted that for ful lling this constraint we rst choose and from that we choose the
size of the kernel M1, M2 and M3), so that the last value of each Iter is less than the
chosen truncation error. A typical value of is 10 2.

Having designed these Gaussian kernels, they are convolvedth each of the bands of the
image which was processed by the edge preserving smoothirascording to the following

procedure:

1. Gaussian smoothing along thex axis followed by the rst derivative of the Gaussian

along the y axis.
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2. Gaussian smoothing along they axis followed by the rst derivative of the Gaussian

along the x axis.

3. Gaussian smoothing along thex axis followed by the second derivative of the Gaus-

sian along they axis. of the output.

4. Gaussian smoothing along they axis followed by the second derivative of the Gaus-

sian along thex axis.

5. The second derivative of the Gaussian along both axes.

Note that the rst two Iterings enhance edges along the x and y axis, respectively,
while, the third and fourth Iterings are designed to enhance lines along thex and y axis,
respectively, while the fth ltering enhances corners.
As we are not interested in the positive or negative edges, d& or bright lines and corners,
we rst take the absolute value of all outputs. Furthermore, as we wish to measure local
structure independent of colour, we take the maximum respoge of all three bands for each
combination of Iters. Finally, as we are not interested in any particular scale, various
sizes of lters are applied, just like the human vision systen does, having cells that work
at a variety of scales. Once all these Iter outputs have beercomputed, their values are
added, to produce the nal output which is expected to highlight the regions of interest
where an interpretation module should be directed. Therefee, the Itered image, say P,
in the proposed technique is constructed according to:
=5
P(i;j) = e g len Oy (irf)
+max o) lon Go (i) +max g e gy (i)

rmax g len g () +max @) len G (i) (2.6)

where, is the convolution operator, I (i;] ) is the grey value of input image at pixel
(i;j ) and colour band ch. Linear operators g. |, g‘? and g?o are the Gaussian based
lters (Gaussian function and its rst and second derivativ es) in the direction and scale

equal to . The chosen scales arep 2; P iz; o P 2° . This is because these scales have
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linear characteristics in the scale space [17]. In this appiation we used scales equal to

P 2: P 52; P 2° and the truncation error is setto =10 2. The size of each of the chosen

Iters is according to table 2.1. The results of applying the Toboggan edge preserving

%g:ale Gaussian size First derivative size Second derivative size
p"é 11 11 11 11 13 13
; 2 15 15 17 17 19 19
2° 23 23 23 23 25 25
Table 2.1: The size of the Gaussian kernels according to thei r scale

smoothing followed by the Gaussian based lterings on 2 samle images are demonstrated

in gure 2.9.

Figure 2.9: (a) Original images (b) Colour based Toboggan ed ge preserving smoothing
(c) The output of applying a combination of Gaussian based | ters to the Toboggan
enhanced images, using equation  (2.6).

2.3.3 Thresholding

In order to segment the enhanced regions of the constructed aps in section 2.3.2, a
thresholding technique is required. For this we utilised a xed (global) grey-level threshold
for segmenting the map. In order to estimate a global threshtnl we use the cumulative
distribution function of the input map. The idea here is to id entify the \knee" of the

cumulative distribution function (cdf) of the input map. Fo r this we used the following
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steps:

1. Draw a line which connects the two ends of the cdf curve.
2. Find the point on the cdf curve with the maximum distance from the line.

3. The grey level which corresponds to the point obtained in ®p 2 is selected as the

global threshold.

These three steps are shown in gure 2.10. Pixels in the graént map which their grey
values are above the chosen threshold are turned on and the m&ining are turned o.

Results of applying this thresholding technique to the gradent maps are shown in gure

Technique for finding a fixed threshold
T T T
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Figure 2.10: Thresholding technique for estimating a globa | threshold over the Gra-
dient map.

2.11.

2.3.4 Extracting and Selecting the Regions of Interest

The binarised map obtained in section 2.3.3 is the input to ths part of the algorithm.

We utilise morphological operators and connected componéranalysis to extract and se-
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Figure 2.11: (a) Input interest maps (b) Binary images which are obtained by using
global thresholding.

lect regions of interest. In our implementation a connectedcomponent should have the

following characteristics in order to be considered as a ragn of interest:

1. regions of interest tend to occupy a considerable area ohe whole scene;
2. regions of interest are expected to be convex and regulaiddibs;

3. regions of interest are expected to consist of lines withicerent orientations, i.e. a

straight line is not considered to be a region of interest.

In order to ful | the rst condition, regions with area less t han a threshold! are excluded
from the binarised map. We set this threshold to 5% of the imag size.
For ful lling the next condition a measure of regularity for a connected component is

de ned as:
# fpixels 2 (R\ Cg)

# fpixels 2 Cg 27

Regularity =

YThis threshold can be learnt from a set of hand segmented images
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where, C is the set of pixels that make up the boundary of the convex huP of the region,
and R is the set of pixels that make up the boundary of the region. Haing calculated the
regularity value, regions with regularity more than a threshold are considered as regions
of interest. The e ect of the regularity threshold on the performance of the blob detector
is investigated in the next chapter.

In order to investigate the third condition, di erent subpa rts of a connected region are
labelled according to their orientations. If a connected rgion consists of just one label
then that region is excluded from the regions of interest. Fo labelling a connected region
the concept of line support regions (LSR) which was introdued in [26] is used. Each
line-support region represents a candidate area for a strght line, since the local gradient
estimates share a common orientation. The steps which we uddor labelling the pixels of

a connected region are:

For every white pixel in the binary image consider a window aound it of size say

M M.

Consider only the pixels inside this window that are also whie in the binary image.
For this subset of pixels, consider their gradient vectors,computed by using the

Sobel lter on the rst colour band of the Toboggan enhanced image.

Spatially average thex and the y components of these vectors. Let us call thenhy
and Iy.
Compute an orientation from these averaged components usi
0 1
. . M
Orienatation =cos ' @g—X__A (2.8)

Assign this orientation to the central pixel (the white pixel at the centre of the

window which was considered).

After identifying the orientations of all white pixels, the ones which share a relatively com-

mon orientation are labelled the same. The tolerance in orietation alignment is 10 .

2The smallest convex polygon that can contain the region
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In the whole process of identifying the regions of interest,any connected region which
consists of just one label of orientation is eliminated fromthe binary image, because it is
probably a line and we do not consider a single line to be a regn of interest.

By considering the above conditions we would be able to distiguish the connected com-
ponents which are of interest from the connected componentshich are not of interest.

In order to identify and extract regions of interest from the binary image, we employ the

following steps:

1. Filling in the closed contours.
2. Using morphological opening to remove thin extrusions.

3. Selecting the regions which ful | the conditions of regims of interest.

For lling in the closed contours we rst applied connected component analysis to the
black pixels of the thresholded gradient map. Then any conneted component that does
not touch the borders of the image is turned white in the binaty map. Next, the thin
extrusions are removed by using morphological opening, i.eN erosions followed byN
dilations all by a 3 3 structuring element. In order to determine N, the thickness
of the white lines which we wish to remove, are estimated. Forthis we estimated the
most populous thickness of lines in the horizontal and verttal directions. In other words,
for every row and for every column of the binary image the segmnts made up from
consecutive white pixels are identi ed. Then the number of pxels which make up each
segment is calculated. These numbers form a distribution. e mode of this distribution,
i.e. the number that appears most often, is considered as th#éhickness of the white lines
which most frequently occur in the binary image. Let us say that it is 6. This means that
the white lines are mostly of thickness 6. Therefore in ordeto eliminate unwanted lines,
N should be set to 3, because this corresponds to using a struging element of size 7 7
that will clear the lines and leave only blobs.

Next, each white connected component in the binary image islecked for ful lling the
criteria of a region of interest. Those that ful | the criter ia are selected, while the remaining

white regions are processed further. The convex hulls of id#i ed regions are saved and
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removed from the binary map. For extracting more regions fran the remaining connected

regions we used the following steps:

1. Apply connected component analysis to the black pixels othe remaining regions.
Then, identify any connected component which does not touchthe border of the
image and also ful | the criteria of the regions of interest. The identi ed regions
are dilated and considered as another set of regions of intest. The pixels of this
new set of regions are turned to black in the input binary image, and the remaining

connected regions are handed to the next step.

2. From the remaining regions, connected regions which ful the regions of interest

criteria are considered as regions of interest.

In gures 2.12 and 2.13 we demonstrate the pipeline which we @signed for extracting
the regions of interest of two example images. For improvinghe results, which may
include overlapping blobs, the regions which are less proment in comparison with the

other ones are deleted, using the constructed gradient mapnisection2.3.2. For this we
did the following. Consider the convex hull of connected corponent, , which consists

of overlapping regions. In other words, = !1[ ! 2] I'hw where! ;15 1, area
subset of the convex hull of extracted blobs anch > 1. We then implement the following
steps to remove the regions which may be of less interest.

1) Rank each region according to the number of regions with wich it has an overlap.

2) Select the region with the highest rank, say! ,, which, say, is overlapped with regions
'mi, ''m2 and! 3.

3) Compute the prominence of each of the regionsy, ! 1, ! m2 and ! 3, de ned as:

P
k R (K)

Prom(!;) Area(l))

(2.9)

Here the summation in the numerator is over all pixels that bdong to the part of the
region that does not overlap with any other region, matrix R is the interest map and the

Area function computes the total area of the region.



2.3 Methodology 35

Figure 2.12: (a) Binarised interest map. (b) Filled white co ntours. (c) Opening (d)
Initial blobs extracted. (e) Removing the identi ed blobs f rom the binary map. (f)
Taking the negative binary map, and using the connected comp onents of this binary
map to extract some more convex blobs. (g) Identi ed blobs fr om the rst two steps.
(h) Binary interest map after removing the blobs extracted f rom the previous steps.
We also utilise this map to extract extra convex regions. (f) The bounding boxes of

all the identi ed blobs.
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(9)
Figure 2.13: (a) Binarised interest map. (b) Filled white co ntours. (c) Opening (d)
Initial blobs extracted. (e) Removing the identi ed blobs f rom the binary map. (f)
Taking the negative binary map, and using the connected comp onents of this binary
map to extract some more convex blobs. (g) Identi ed blobs fr om the rst two steps.
(h) Binary interest map after removing the blobs extracted f rom the previous steps.
We also utilise this map to extract extra convex regions. (f) The bounding boxes of

all the identi ed blobs.
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4) Omit the region which has the minimum value of Prom among all regions in .
5) Repeat steps 1 to 4 until no regions overlap.
In the output either the bounding boxes or the convex hull of the identi ed regions can
be considered as regions of interest. In our implementatiorthe regions of interest are
identi ed by their bounding boxes. The results of applying the proposed technique on the
extracted regions shown in gure 2.14-a is shown in gure 2.4-b. In addition, in gure
2.15, results of applying the proposed blob detection algdthm to di erent types of images
are shown. It can be seen that the extracted regions usuallyantain a region which can
be further classi ed to be a window, a door, a chimney, a playg a face, eyes, a ag, lips,

etc.

(a) Before removal (b) After removal

Figure 2.14: Result of removing overlapping regions

!Note that in the nal result, some bounding boxes of the extract ed regions may partly overlap as we
used the convex hull of regions in the procedure of removing owerlapping blobs. In other words, the convex
hulls of regions do not overlap with each other anymore, however, the bounding boxes may still overlap.
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Figure 2.15: Bounding boxes of identi ed blobs are superimp osed on the images.

2.4 Experiments

In this section, we evaluate the performance of the proposetllob detection in detecting
the subparts of buildings, like windows, doors, balconiesgtc. The performance of the
blob detector was evaluated using the true detection rates. We did not consider false
detection rates for the evaluation, as in the database that v use, all blobs in an image (a
shadow on the wall, a part of the cloud in the sky or a pedestria in the street) were not
manually segmented. However, from the example results showin gure 2.15 it can be
inferred that in comparison with other interesting region detectors like, [15] [16], the num-
ber of false detections is far less and most of the detecteddibs correspond to meaningful
parts rather than patches which although are invariant to image transformations, they
occasionally correspond to meaningful parts of an image. Wemployed 300 images of the
eTRIMS database [27] in which the meaningful regions had beemanually segmented and
annotated. For this database, 10 people contributed for anotating images of buildings.
The images were taken from four European cities, includingl.ondon, Hamburg, Bonn and
Prague. No inclusion criterion was considered for collectig this database. In other words,
there are images with various sizes, illumination conditims, occlusion conditions and also
viewing points. The database includes images of buildingsfoa variety of architectures,

ranging from very simple to very complex architectures. Forthis experiment we consid-
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ered the regions which were labelled as window, door, dormechimney, and balcony. For
testing whether an extracted region corresponds to a manuél segmented region or not,

the following criterion was de ned.

_ # fpixels 2 (R\ Sjg)
O=max X @ ( pixels 2 R): #( pixels 2 S)) (2.10)

where R is the set of pixels which belong to an extracted region of irgrest, andS is the
set of hand segmented regions, i.& = fS;;Sy; ;Sng. If O is more than 06 then we
consider the identi ed region as a correct detection. We reprt the performance of the
various algorithms we tried in terms of detection rate, i.e. the proportion of manually

segmented regions that have been detected by the blob detemt

2.4.1 Robustness to Thresholding Technique

We evaluated the performance of the extraction algorithm wth two di erent threshold-
ing techniques: 1) The global thresholding method describe in section 2.3.3 and 2) An
adaptive thresholding technique proposed in [28] which a Lef overview of it, is given in
Appendix A. After binarising the interest map with either of these techniques, we applied
the steps described in section 2.3.4 to the binarised mapsif@xtracting regions of interest.
We compared the extracted regions of interest identi ed by exch of these two thresholding
techniques, with the manually annotated images of building The labels which we con-
sidered were window, door, dormer, chimney and balcony. Theercentage of correctly

detected regions using the two di erent thresholding techriques are listed in table 2.2. We

Region Number of regions Global threshold Adaptive threshid
All regions 4137 61.80% 62.3%
Table 2.2: Comparing the detection rate of the global thresh olding technique with

the adaptive technique.

also compared the two thresholding techniques with respecto their computational costs.
The average computation time on a Pentium 4 machine using Mdab 7:0:1, in the case

of the global thresholding was on average 3 seconds. Howeydhe computational time
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for the adaptive technique was 268 seconds. Results imply #t the performance of the
adaptive and global techniques are approximately the samehowever, the computational

cost of the adaptive technique is more than that of the globalone.

2.4.2 Evaluation of the E ectiveness of Toboggan Enhanceme nt

In order to evaluate the usefulness of the Toboggan enhancesnt prior to the construction
of the gradient map, we compared the number of correctly deteted regions of interest
in two ways. We created the interest maps with the use of Tobogan enhancement and
without it. The percentage of correctly extracted regions wsing these two approaches are
listed in table 2.3.

It can be seen that the use of Toboggan enhancement increastt®e number of correctly

Region Number of regions With Toboggan Without Toboggan
All regions 4137 61.08% 46.6%
Table 2.3: The e ect of the Toboggan enhancement prior to the construction of the

interest map

extracted regions by 18%. This indicates the advantage of th use of this enhancement

prior to applying the Gaussian based kernels.

2.4.3 Class-wise Evaluation of the Blob Detector

In order to understand the strengths and weaknesses of the pposed methodology in
detecting speci ¢ regions, we divided the results accordig to their labels. Results of this,
are listed in table 2.4. This table shows that the proposed bbb detector performs best
in detecting dormer, and worst in detecting doors. This may ke explained by the reason
that regions like windows and dormers are less incurred by ausion and are more isolated
from their surrounding in comparison with doors which are mae likely to be occluded by

pedestrians or cars passing in the street.
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Region Number of regions Final algorithm

Window 3778 633%

Door 214 397%

Chimney 67 432%

Dormer 44 681%

Balcony 34 529%

All regions 4137 6180%
Table 2.4: The percentage of correctly detected regions of i nterest using the blob
detector.
2.5 Summary

In this chapter we de ned a blob to be a region that merits further analysis by a scene
interpretation module, possibly depicting a perceptually meaningful entity. We proposed
a fully bottom up approach for extracting such blobs in images, independent of scale and
colour, and based on the use of edge preserving smoothing, Gssian kernels, mathemat-
ical morphology and connected component analysis. We evatted the performance of
the proposed blob detection using 300 manually annotated irages of building facades,
containing more than 4000 subparts. Experiments showed thamore than 60% of the
hand segmented subparts were identi ed with the proposed minodology. Furthermore,
application of the proposed blob detector to totally di ere nt images, with no change of
any of its parameters, produced plausible results, and thedenti ed blobs usually contain
meaninful parts of the scene. In the subsequent chapters weillv rst investigate the corre-
lation of the detected blobs with the regions which drive theattention of the human using
a series of eye tracking experiments. Next we will use the blis for identifying higher

order structures in building scenes, such as the facade andimdow array.
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Chapter 3

Investigative Mood Visual

Attention

3.1 Introduction

Visual sensors capture so much information that they can edly overwhelm even the
human brain. For example, su erers of Asperger's syndrome nd di cult to function
because they cannot prioritise and reduce the input informéon. Visual attention, rst
identi ed in [29] in the late 19th century, is the mechanism used by normal humans to
cope with the vast amount of input visual information. The factors that drive the visual
attention are still far from understood and there are two distinct questions which are of
interest to psychologists and also researchers in computevision. First, what the role
of top-down factors (e.g., task, feelings and cultural bacground) is in relation to what
can be inferred from the stimulus (bottom-up), and how to integrate bottom-up and
top-down attributes for designing an interpretation module. Second, what the low-level
features, such as contrast, colour, orientation or motion,used in visual attention, are, and
what the higher level stimulus structures, such as objects omeanings, are, which drive
the attention. In relation to the above two questions, two attentional mechanisms have
been identi ed, namely goal-driven attention, where high level task oriented processes are

employed, and pre-attentive vision, where bottom up saliebfeatures attract the attention
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of the viewer [30]. The rst type of attention has led to the development of successful
goal-driven attention models, like those developed by Tsaos et al [31]. In these models,
what is sought in an image is the instantiation of a particular object. The second type of
attention has led to the development of the bottom up models 6 Itti et al. [13] and Koch
and Ullman [32] and the V1 model of Li [30]. There have also beedeveloped several
models that combine bottom up with top down features, in an atempt to model fully the
attentional mechanisms [11].

In this chapter, we consider the blob detector proposed in tle previous chapter as an
attentional model that perhaps could be classi ed in the hybrid category, as it uses low
level features, but it is also driven by a high level goal. Thedi erence with other goal-
driven approaches is that the observer is not assumed to be éking for a particular object
in the scene, but rather is put in an anticipating mood, wherehe/she expects to be asked a
guestion in relation to the image, but he/she does not know tte nature of the question. We
call this type of attention, where the task is not speci ed exactly, investigative attention.
This chapter is structured as follows. In section 3.2 we revdw saliency and attention and
provide an overview of the computational approaches for idetifying image regions that
attract human attention. In section 3.3 we introduce the methodology for comparing
the detected blobs with the regions which drive the attention of the viewers in complex
scenes. In section 3.4 we evaluate the detected regions agsti human eye xations and
also compare it with the regions which are extracted by the Iti et al. model [13]. In

section 3.5 we summarise and conclude.

3.2 Literature Survey

Many attention models are based on the so-called saliency npg[13] [32] [30]. The saliency
map is constructed based on the characteristics and the neonal architecture of the early
primate visual system. It is assumed that the part of the image which will rst attract the
attention of the human visual system is the most salient regon of it. The saliency map
is built using the early visual features which are assumed tde local colour, orientation

and intensity. The authors of [13], [32] and [30] assumed thiathese features are computed
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pre-attentively, in a parallel manner across the entire visial eld. These features are
computed in di erent scales for making the saliency map invaiant to scale. Features in
di erent scales are combined by some linear operators for awstructing the saliency map.
The extracted features are nally ranked in order of salieny and according to another
psychophysics concept, known as inhibition of return.

The saliency map was originally developed to model the attetion in conjunction with
simple stimuli. However, recent studies have shown that sé&ncy maps can also predict
xations in complex scenes [33] [34]. Researchers workingnothe saliency map and its
applications hope that by re ning this low-level model, human attention will eventually be
modelled perfectly. According to this point of view, attention operates independently from
object recognition and object detection. However, this viev has recently been challenged.
Although it has been shown that the features of the saliency map correlates well with eye
xations, some authors argue that the xations are also dependant on some higher level
visual properties of the scene [35] [36] [37]. \Rhesus monke preferentially xate image
regions with semantic content as compared to meaningless ¢ise) regions with the same
low-order statistics" [37]. Also it has been suggested thabbservers attend to \interesting
objects" more than the salient regions detected by the Itti & al. model [36]. In [36], the
interesting objects are the ones which are recalled more thmathe other objects of a scene.
In his seminal work [14] Yarbus studied the in uences of taskon eye motion extensively.
He used a variety of tasks, including abstract interpretations, such as the judgement of
social status. He argued that the task clearly dominates thexation patterns. This work
opened up a new research direction in attention, known as gadalriven, (or task dependant
attention). Researchers with this view suggest that during visual search, early saliency
has a minor or no impact on xation patterns [35] [38]. Some malels regulate the low-level
features with top-down information in order to explain goal-driven vision [31] [11] [39].

In addition to task and low-level features, xations are also in uenced by some prior
knowledge on the spatial location and the contextual infornmation of the searched target.

Some works suggest improvements in the xation predicationby modulating the saliency

YInhibitory tagging of recently attended locations in human psychophysics is known as inhibition of
return. It means that the currently attended location will b e suppressed and not revisited again soon
during human eye xation movement.
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map with this prior knowledge [40]. The tendency of observes to Xxate close to the
centre of photographs (\central bias") is because of the pror knowledge that the objects
of interest are expected to be at the centre of the image. Thisias can be seen as a
low-level feature which is learnt from experience.

In summary, the literature suggests that saliency maps havesome power in predicting eye
movements, however, this is limited and other factors shoul also be considered. These
are: 1) high level stimulus features, like objects, semanti content and regions which
correspond to the meaningful parts of an image; 2) task and attextual information which
have considerable e ect on the eye xation patterns. Our woik is related to the rst type
of attribute. We believe that regions which contain meanindul parts of a scene attract
the gaze of the viewer. Therefore in this chapter we argue thiathe blobs extracted in the
previous section may also drive the attention of the viewersas the blobs are more likely to
represent components that correspond to semantically ideiable units, than irregularly
shaped, non-convex and poorly delineated image regions. Wease this observation on
our intuition, but also on the law \of good (simple) shape" and \perceptual grouping" of
gestalt psychology [41].

In the remaining of this chapter we rst describe in section 33 the method that we use
for comparing the blobs with the regions which drive the attention of the viewer, and
subsequently, in section 3.4, we present the experiments #i we undertook for validating
our hypothesis that the extracted blobs can predict the eye xations of observers when

they view the scene in an investigative mood.

3.3 Methodology

As discussed earlier, we advocate that the blobs very likelycorrespond to meaningful
regions and in that case they are likely to attract the attention of a viewer, when he/she
is in an investigative mood. For validating this hypothesis, we conducted a series of
experiments with an eye-tracker and compared the results othe eye tracker with those
of the blob detector and with those of the Itti et al. model. We could not compare the

results with other goal-driven models, as they tend to be sp& ¢ in the task performed
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and thus not directly comparable with our methodology. In the following, we describe
in detail the experiment that we conducted and the methodolagy used to compare their

results with those of the blob model and of the Itti et al. modd.

3.3.1 Stimuli

The stimuli were 100 digital photographs collected randomy from the LabelMe database
[42]. The selected images contain both outdoor and indoor ntramade scenes. The im-
ages were presented on a 17-inch TFT monitor (33 27 cm), located in a dark room at
approximately 70 cm from the observer. Therefore, the scraesubtended 27 22 degrees

of the visual angle. These speci cations have been calculatl using:

Width of the screen

hor =2 atan 2 distance of the observer from the screen _ 2 atan 2 70 27
3.1)
Height of the screen
=2 . =2 22
vert atan 3 distance of the observer from the screen atan 5 70
(3.2)

The screen's resolution was set to 1280 1024 pixels and the images were down-sampled
to t the screen resolution, without changing their aspect ratio. Some example images of

this database are presented in gure 3.1.

3.3.2 Experimental Conditions

We designed the experiment so that the subjects looked at thémages investigatively in
order to make sure that they are in an awareness state while ewing them. For this, we
instructed the subjects that a question was going to succeedach viewed image. A short
training session was used to clarify to the subject the procgure and ensure that the subject
realised that the questions after every image were di erentin nature. This was necessary
in order to avoid polarising the attention of the subject towards a speci ¢ type of question
or a speci c type of object. After presenting an image for 10 sconds to the subject, a
multiple choice question about the contents of the image wasisked. Subsequently, the

subject was asked to click on their chosen answer. The questis were chosen to be general
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and simple. Some example images and the multiple questionsssociated with them are
shown in gures 3.1 and 3.2. Note that this experiment is di erent from the goal-driven
experiments, where usually the subjects are either asked taond a target in an image, or
judge the contents of the image. The reason that we ask theseegeral questions was to put
the observers in an awareness state and at the same time not toias their eye movements,
i.e. the intention was to make them look at the images investjatively as if they were
trying to interpret the image. A brief central xation cue, s hown for 1 second, preceded
each 10 second image presentation. The order of the imagesgsented was randomised.
To avoid person fatigue, each subject was shown only 25 image The full duration of
the experiment for each subject was between 15 to 20 minutesegpending on the time the

subjects spent for answering the questions.

3.3.3 Observers

Twenty volunteers (7 female, 13 male; mean age 27) from the Gomunication and Sig-
nal Processing Research Group of Imperial College particgted in the experiment. The
participants were from di erent ethnic groups and had normal or corrected-to-normal vi-
sion, and also normal colour vision. All participants were raive to the purpose of the

experiment.

3.3.4 Recording Eye Position

The Tobii T60 infrared eye tracking system was used to recordhe eye position every 16
ms. In our analysis we used only data recorded during stimuls presentation. Twenty
ve images were presented to each subject and each image wasewed by 5 subjects.
Therefore, 500 gaze paths were collected from the subject3he eye tracker was calibrated
twice during the test. First, before starting the experiment and next after presenting the
13" image. Images were presented in a random order to di erent sbjects, so that the
sequence of the images did not have any e ect on the eye movemis. In gure 3.3, we

show the owchart of the experiment.
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(a) (b)

Figure 3.1: Examples of the images presented to the subjects
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Which of the following objects did you see in the image?

. Shelf
Ashtray

. Television
. Telephone
Computer
. Camera
None

NoUuA®WNPR

Question for (a)

What is the use of the building which you saw in the image?

1. Residential
2. Adminstration
3. Commercial
4. Education
5. Industrial
6. Other

7.1 cannot tell

Question for (c)

Were there any paintings on the walls?

1. Yes
2. No
3. | cannot tell

Question for (e)

Were there any telephones on the tables?

1. Yes
2. No
3. | cannot tell

Question for (g)

From which city is this image?

1. Oxford

2. Manchester
3. London

4. Paris

5. | cannot tell

Question for (i)

How many traffic lights did you see in the image?

1.1
2.2
3.3
4.4
5.5
6. None

Question for (b)
Where was this picture taken from?

1. Africa

2. Europe

3. Scandinavia
4. Mediterranea
5. | cannot tell

Question for (d)

Which of the following objects did you see in the image?

1. Chair

2. Television
3. Computer
4. Camera
5. None

Question for (f)

Which of the following objects you did not see in the image?

Computer
Printer
Chair
Telephone
Book

Bed

Table

No oD E

Question for (h)

Which of the following objects you did not see in the image?

1. Picture
2. Clock
3. Bottle
4. Candle
5. Book

Question for (j)

Figure 3.2: Questions associated with the images of gure 3.
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Instructions

Y

Trial session for clarifying the
sequence of the experiment

Y

Click on START >> for starting
the eye recording

Fixation/Recalibration (1 s)

An image is selected randomly
and presented for 10 seconds

Y

Subject was instructed to click on
his/her answer to the multiple
choice question associated with
the presented image.

Repeat the whole session for 20 subjects

Repeat these three steps 25 times for each subject

Figure 3.3: : The owchart of the eye tracking experiment

3.3.5 Constructing the xation Map

Each xation point was computed by taking the average of the right and the left eye
xation points. The smallest distance (in pixels) that separates the xations was set
to 15. Therefore, for constructing the xation map of each image we took the xation
point and considered a circle with radius 15 around it. The pkel values inside the circle
were set to the amount of time (in ms) that a viewer gazed at thda xation point. We
then accumulated the maps of the participants to construct the gaze map. Finally, we
normalised the gaze map to have values between 0 and 1. Somengae images and the
corresponding xation maps are shown as heat maps in gure 31. The analysis was based
on eye positions from 04-10 s after the presentation of the image. The rst Q4 s were
omitted to avoid any bias due to the central xation cue preceding each image.

Each pixel value of a gaze map is an indication of the amount ofime the subjects spent
on that pixel in an investigative mood. The higher the value d a pixel the more time on

average was spent on the pixel, i.e. that pixel was more attetled. In the next section
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(a) (b) (©) (d)

(e) (f) (9) (h)
Figure 3.4: (a){(d): Examples of the original images of the d atabase that we used for
the experiments. (e){(h) The heat maps of the xated regions of the images at the

top.

we compare the detected blobs and the salient regions extréad by the Itti et al. model

using the gaze maps constructed in this section.

3.4 Experiments
The terminology that we use in the remaining of this section & as follows.

Blobs : regions which are extracted from the proposed blob detectodescribed in

chapter 2.
Salient Regions : regions which are extracted from the saliency model of Ittiet al..

Random Regions : regions which are generated randomly using a random region

generator which will be described later.
At the end of this section we shall show the following.

1. Blobs and salient regions correlate equally well with theregions which attract the
attention of the viewers more frequently. However, regionsvhich are less visited by

the gaze of the viewers correlate best with blobs.
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2. Both blobs and salient regions correlate with the regionghat attract the attention

of the viewer signi cantly better than random regions.

3.4.1 Comparing the Blob detector with the Gaze map

As it was mentioned in chapter 2, in the blob detector model wedo not rank the blobs in
any kind of saliency. Therefore, for comparing the performace of the blob detector with
the xation map, we need to binarise the xation maps. For thi s purpose, we selected a
threshold, T hresh, that can take values between 0 and 1 as the xation maps were or-
malised to take values in this range. Pixels with value large than the selected threshold
were switched on and the remaining were switched o . Since tB xation maps were con-
structed using the average time that viewers spent gazing aeach pixel, higher thresholds
yield binary regions which attracted most attention, while lower thresholds include also
regions which attracted less attention. One may argue that ligher thresholds yield regions
which are more correlated with pre-attentive vision (which is a common psychology among
the di erent subjects), while lower thresholds result in regions which are correlated with
a combination of pre-attentive and task-driven vision. An example of a gaze map and the
binary maps obtained with di erent thresholds is shown in g ure 3.5.

For measuring the correlation of the detected blobs in an imge with the binary images
obtained from the gaze maps, we also need to construct binarymages from the detected
blobs. To do this, we switched on all the pixels inside the detcted blobs and switched
o the pixels outside the detected blobs. Examples of the de¢cted blobs and the binary
images obtained from them are shown in gure 3.6. For measurig the correlation of two
binary images we used thePhi coe cient , which is a statistical measure for understanding
the association between two sets of binary random variable§43] [44].

Assume that X and Y are two sets of binary random variables. Then the populationof
these two sets could be described by a 2 2 contingency table as in table 3.1. If two sets
of binary random variables X and Y are highly correlated, then it is expected that TPR
and TNR have higher values in comparison withFNR and FPR. The Phi coe cient is

a statistical measure which describes the correlation beteen two sets of binary random
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(a) Original Image (b) Gaze map
(c) Thresh 1 (d) Thresh=0:9 (e) Thresh=0:8 (f) Thresh=0:7
(9) Thresh=0:6 (h) Thresh=0:5 () Thresh=0:4 () Thresh=0:3
(k) Thresh=0:2 () Thresh=0
Figure 3.5: (a) Original image.(b) Corresponding gaze map. (c)-() Binary images

obtained by varying  Thresh.

Y=1 Y =0 Sum
X =1 TPR FNR P TPR+ FNR
X =0 FPR TNR PO 1 P=FPR+TNR
Sum |Q TPR+FPR Q° 1 Q=FNR+TNR 1.0
Table 3.1: The association of two sets of binary random varia bles can be described
using this table. TPR stands for True Positive Ratio, FNR stands for False Negative

Ratio, FPR stands for False Positive Ration and TNR stands for True Negative Ratio.
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Figure 3.6: Examples of the detected blobs (at the top) and th eir corresponding

binary images (at the bottom).

variables using a contingency table similar to 3.1. Based orthe terminology de ned in

table 3.1, the P hi coe cient is computed using:

TPR_TNR FNR FPR

P hi
| "FPr o Q@

(3.3)

The range of possible values of hi is between 1 and 1. The larger the value ofP hi, the
better the values of the binary random variable X can be predicted byY and vice versa.
We use theP hi coe cient for measuring the association between the binaryimages created
from the blobs and the binary images obtained from the gaze ma In our application,

for each threshold, T hresh, over the gaze map, TP Rrhresh, TNRThresh, FPRThresh and

FNR thresh are computed using:

1 X # pixels 2 Blobj;\ GM Jhresh

TPRthresh = N e (3.4)
i=1 | i
1 X # pixels 2 Blobi;\ GM;esh
FPR = = -
Thresh N _ ® K] ( )
1 X # pixels 2 Blobjg\ GM Thresh
FNRThresh = N R (3.6)
i=1 I i
1 X # pixels 2 Blobig\ GM;]resh
TNRThresh = ! i0 (3.7)

N - Li Kj
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where N is the number of images in the experiment N = 100), K; and L; are the dimen-
sions of thei™™ image, Blob;; and Blobjo are the pixels in thei® binary image created from
blobs, which are switched on and switched o , respectivelyand GM }""esh and GMresh

are the pixels in thei™ binary gaze map, which are switched on and switched o, respe-
tively. The Thresh superscript indicates that the gaze map is binarised with tlreshold
equal to Thresh. These measures express thaveragetrue positive, true negative, false
positive and false negative ratios in 100 images. In gure 3 We schematically show

the way of computing TPR, TNR, FPR and FNR between two binary i mages. For each

Figure 3.7: Schematic for computing TPR, TNR, FPR and FNR

threshold over the gaze map theP hi coe cient is computed using:

TP RT presh TN RThresh FP RT hresh FNR Thresh

e 0 0
PThresh PT hresh QThresh QT hresh

Phithresh = (3.8)

The Phi coe cients between the binary images obtained from the blols and the binary
images obtained from the gaze maps with di erent thresholdsare shown in gure 3.8. It
can be seen that by decreasing the threshold the associatidncreases. This is reasonable,
as by decreasing the threshold more pixels are viewed by sudgts.

In the blob extraction procedure described in chapter 2, theconvexity criterion of equation

(2.7) is thresholded in order to lter out the non-convex blobs. To investigate the e ect
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Association between the blobs and Binarised Gaze maps obtained with varying Thresh
0.25 T T T T T

0.2r

o

[N

[¢)]
T

Phi Coefficient
o
=

0.05f

10 09 08 07 06 05 04 03 02 01
Thresh

Figure 3.8: Phi coe cient of the binarised blobs and the binarised gaze maps with
di erent thresholds.

of this threshold on the correlation of blobs with the binarised gaze map, we varied this
threshold and subsequently computed theP hi coe cient. Results of this experiment are
shown in gure 3.9. From this gure, it can be inferred that co nvexity can be considered as
one of the factors of driving the gaze of the viewers, howevewhether this is a consequence
of the gestalt law \of good shape" or concavity is one of the atributes that guide the
deployment of visual attention [45], cannot be inferred fran this experiment. In this
experiment the blobs with convexity about 0:1 or 0:2 correlate most with the binarised

gaze map. We used a threshold equal to:2 in our further experiments.

3.4.2 Comparing Salient Regions with the Gaze map

In this section, we describe di erent techniques that we usdor binarising the saliency map
of Itti et al. Next, we select the binarisation technique which has the highest correlation
with the binarised gaze map and consider it for comparison vth the blobs and random
regions. For estimating binary images from the the Itti et al. model, we rst compute the
saliency map using the toolbox which can be downloaded freglfrom [46]. Next, we resize
the saliency map to the same size as the original image. Fur#r, we rescale the saliency
map to take values between 0 and 1. We adopt the following teahiques for generating a

binary image from the saliency map.
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Effect of varying the regularity threshold on the correlation of blobs with the Gaze map

0.25 T T T T T T T T T T
Il Regularity threshold=0.01
o2l B Regularity threshold=0.1 |
: [ IRegularity threshold=0.2
[Regularity threshold=0.3
= Il Regularity threshold=0.4
© 0.15F 1
S
=
(5]
@]
@)
g 0.1f |
0.05f ‘ ‘ | |
0 10 09 08 0.7 0.6 05 04 03 02 01
hresh
Figure 3.9: Phi coe cient of the binarised blobs obtained wi th di erent regularity
thresholds and the binarised gaze maps with di erent thresh olds.

1. Switch on all pixels with values larger than 0 (Method 1).

2. Apply mean shift segmentation [47] to the image and subsagently switch on pix-
els inside those segments in which the average saliency of igh is greater than a
threshold. The selected threshold was equal to the averagef dhe saliency map.
This method was proposed in [48] for extracting salient objets from natural images

(Method 2).

3. Binarise the saliency map using the same threshold usedrféhe gaze map. In this
technique, we binarise the saliency and gaze maps with the s#e threshold and

subsequently compute theP hi coe cient of the two binary maps (Method 3).

Examples of the binary images obtained from the saliency mapising the rst two methods
are shown in gure 3.10. An example of the binary images obtaied from the saliency map
using the same thresholds as those used for binarising the ga maps is shown in gure
3.11. We used the same technique discussed in section 3.4ot €omputing the association
between the binary saliency maps and the gaze maps. Thehi coe cients estimated from

these three binarisation techniques are shown in gure 3.12 From this gure it can be
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@) (b)

Figure 3.10: (a) Original Images. (b) Saliency maps. (c) Bin
thresholding the saliency maps. (d) Binary maps obtained fr
mean shift and saliency map.

(©)

(

ary maps obtained from
om the combination of

d)
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(a) Original Image (b) Saliency map
(c) Thresh 1 (d) Thresh=0:9 (e) Thresh=0:8 (f) Thresh =0:7
(9) Thresh=0:6 (h) Thresh=0:5 (i) Thresh=0:4 () Thresh=0:3
(k) Thresh =0:2 () Thresh=0
Figure 3.11: (a) Original image.(b) Corresponding salienc y map.(c)-(l) Binary images

obtained by varying  Thresh.
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inferred that Method 3 performs worse than the others for all thresholds. Method 1
performs better than Method 2 up to Thresh = 0:5. In section 3.4.4 we compare methods

1 and 2 with the detected blobs.

Correlation of salient region detectors and the binarised gaze maps with different thresholds
014 T T T T T T T T T T

0.121 Il VeanShift+Saliency (Method 2) ]

[ JFixed Thresholding (Method 1)

01l [l Varying Thresholding (Method 3) i
0.08f- i
0.04+ B
0.02 I | ‘ b

1 0.9 0.8 0.7 0.6 0.5 04 03 0.2 0.1

Thresh

Phi Coefficient
o
o
=

Figure 3.12: Phi coe cients computed from di erent binaris ed saliency maps and the
binarised gaze maps with varying threshold over the gaze map

3.4.3 Comparing Random Regions with the Gaze map

In order to show that the detected blobs and the salient regims do not coincide randomly
with the binarised gaze map, we developed a statistical sigrcance test. In this experiment
the null hypothesis is that the detected regions coincide randomlyvith the binarised gaze
map. Prior to testing this hypothesis, we estimate a referene distribution for the P hi
coe cient using a random process. The reference distributon is approximated using the

following steps.

1. Take the gaze map of imagd , say G(I),
2. Binarise G(I) with Thresh = m and consider it asBin (G(l); m),

3. Over-segment imagd using a segmentation algorithm. (Here we used the watershed
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algorithm as it also tends to over-segment an image into blobk.)
4. Fori=1;2 ; 10;000: repeat steps 5 and 6

5. Take randomly k segments of the image and construct a binary image, saR;, by
switching on pixels inside the selected segments and switoig o the rest. We set
k = 40 which is equal to the average number of blobs that were dedcted in the
dataset. It is noteworthy that taking random regions is likely to set a more stringent
measure of signi cance than simply taking random pixels. Anover-segmented image

and the binary random regions created from it are shown in gue 3.13.

6. Compute the P hi coe cient between Bin (G(l); m) and R;, sayt;.

The reference distribution of the P hi coe cient is then computed using:

1

- - _i=1
Pn(Phi<T) 16,000 (3.9)
where U(x) is the step function de ned as:
8
2 1if x 0
U(x) = S (3.10)
Oif x<O

In (3.9) subscript m indicates that the reference distribution is computed usirg T hresh =

m. We estimated 10 reference distributions each correspondd to one of the thresholds
over the gaze map. The reference distributions for di erentthresholds are shown in gure
3.14. We use these reference distributions and con dencevel equal to 095 for estimating
the critical values. Critical value is a number which causegejection of the null hypothesis
if a given test statistic is this number or more, and not rejedion of the null hypothesis if
the test statistic is smaller than this number. Critical val ues for di erent thresholds over

the gaze map are computed using:

P hjcritical = /9 Pm(Phi) =0:05 (3.11)
P hi
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(b) (©) (d)
Figure 3.13: (a) Over-segmented image using the Watershed al gorithm. (b-d) Exam-
ples of the random binary images constructed from the over-se gmented image.

In fact critical values are values of theP hi coe cient such that more than 95% of random
binary images yield values lower than that number. If the Phi coe cient computed
from a binary image and a binarised gaze map is more than thisriical value, then
the null hypothesis is rejected, i.e. the binary image is notaccidentally correlated with
the binarized gaze map. Ciritical values for di erent thresholds over the gaze map are
shown in gure 3.15. It can be seen that as the threshold decrses the critical values
are increasing. This gure shows that the lower the threshotl, the more correlation exists

between a random process and the gazed regions.

3.4.4 Comparison and analysis of the results of di erent det ectors

Results of comparing the di erent methods that were discused in the previous sections
are shown in gure 3.16. It can be seen that theP hi coe cient for the blobs is higher
than that of the salient regions for all thresholds over the gaze map. However, for higher
thresholds, the correlations of blobs and salient regionsra lower than the critical values.

This indicates that they are more probable to coincide acciéntally with the binarised
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Phi Coeffcient Reference Distributions with different threshold values over the gaze map
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Figure 3.14: (@) Phi coe cient reference distributions obt ained from the proposed
random process. (b) Zooming in part of (a). The critical valu es are computed from
the 5% cut o point of the reference distributions. The Phi coe cie nts corresponding

to the cut o point indicate the critical value computed from the binarized gaze map.
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Critical values obtained from different thresholds over the Gaze Maps
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Figure 3.15: Phi coe cient critical values obtained for di erent threshold s over the

gaze map.

gaze map for those thresholds. As the threshold decreasesthahe blob detector and the
saliency detector perform better than the random regions. h other words, these detectors
correlate signi cantly better than random regions with the gaze map and the null hypoth-
esis that the detected regions coincide randomly can be reped at the 95% con dence
level.

Furthermore, in gure 3.16 it can be seen that for higher thresholds the degree of correla-
tion of blobs and salient regions with the binarised gaze mags closer in comparison with
that for lower thresholds, i.e. as the threshold decreaseshe blobs show more correlation
with the gaze map in comparison with that of the salient regims. One may understand
this by observing that investigative mood vision is a combired process of pre-attentive
vision (modelled by saliency) and task driven vision which nostly drives the attention of
the viewer to the higher order structures (like blobs) which contain semantic parts of a

scene.
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Degrees of correlation with the binarised Gaze Map obtained with varying Thresh
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Figure 3.16: Comparing di erent detectors with the binaris ed gaze map and random
process.
3.5 Summary

We argued in this chapter that apart from the pre-attentive v ision and goal driven vision
there is also another type of visual attention, namely that o investigative mood vision,
in which the subject is looking for something without knowing what. We compared the
performance of the image processing scheme presented in tipeevious chapter, which
extracts busy convex blobs in an image, that are distinct exatly because they are \busy"
with high level of image derivate values, with the regions ttat drive the attention of the
viewers. We showed that such regions correlate in a statistally signi cant way with
the regions that are created by binarising gaze maps formedyba carefully designed eye
tracking experiment. We also showed that the most prominentgaze regions correlate well
with the regions produced by the ltti et al. [13] model and by the blob detector, while
regions which are less gaze intensive correlate more withdibs. Given that the gaze map we
use is an average gaze map over several subjects, we infer tisalient regions that attract

the attention rst is a common characteristic of all subjects and these form the most
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intensively gazed regions, while di erent subjects gaze at subset of the detected blobs
in a xed time, giving di erent priority to blobs according t o what they are looking for.
In the next chapter we will use this attentional model as the basic model for extracting
the components of a building image. However, we will augmenit with a module that
completes the blob extraction by looking for regularities and repetitions that might have
been missed at the rst stage. This is based on the observatiothat buildings often contain
rows of windows or balconies and other structures, some of vith may be missed in the
rst stage. We may then try to complete their detection using a bootstrapping approach,

as described next.



67

Chapter 4

Prototype Discovery, Hypothesis

Generation and Veri cation

4.1 Introduction

In chapter 2, we proposed a blob detector which may be used talentify the subparts of a
building, including windows, doors, dormers, chimneys, biconies and canopies using low-
level image analysis. Because of noise, clutter, occlusipmariable illumination and other
image degradation issues, which are inevitable in out-dooscenes, the proposed algorithm

has the following limitations in its extraction procedure:

Because of illumination conditions and also low contrast of region of interest against
its surrounding, some subparts may not be enhanced appropaiely in the Gradient

map . Therefore, these regions are not extracted in the threshadling phase.

A fragment of a region or an aggregate of subparts may be exticted.

The consequences of these limitations can be seen in the eatted regions which are shown
in gure 4.1. In this chapter we introduced an algorithm for i mproving the performance
of the blob detector which we developed in chapter 2. The propsed technique consists of

two main parts which are as follows:

1. Prototype discovery.
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Figure 4.1: Some results which are obtained from the blob det ector introduced in the
previous chapter. The blue rectangles are the bounding boxe s of the identi ed blobs.
The number of missing subparts are noticeable in some of thes e results.

2. Hypothesis generation and veri cation.

We rst retrieve missing subparts by assuming that a building scene often includes a set
of repeated prototypes. Therefore, we investigate the exience of a prototype from the
extracted regions and subsequently search the original inge to discover regions which
were missed in the rst stage of processing. Using the disceved prototype, we generate
hypotheses for the other possible regions of interest. We gploy a similarity measure to
verify or reject the existence of the generated hypothesesAt the end, we remove the
overlapping regions from the newly identi ed regions and the old ones using the algorithm
introduced in section 2.3.4. The owchart of the proposed méehodology for improving the
performance of the blob detector is shown in gure 4.2.

In section 4.2 we present the methodology for prototype disovery. In section 4.3 the
measures of similarity which we used to assess the generatbgipotheses are introduced.

In section 4.4 we present our experimental results, and in stion 4.5 we summarise.
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Figure 4.2: Flowchart of the proposed algorithm for improvi ng the results of the
previous chapter.

4.2 Prototype discovery

In most buildings, subparts such as windows, dormers and babnies constitute a set of
repeated prototypes. Therefore, we expect to discover thesprototypes using the regions
which were extracted by the rst stage of image analysis. Fordiscovering prototypes

among the extracted regions of alN M image, we use the following steps:

1. Create an empty grid of size N 2M, say Cor.

2. Generate a binary image from the identi ed blobs by turning on the pixels inside

the blobs and turning o the remaining pixels.

3. Take the centre of each of the connected components and e it at the centre of

the 2N 2M Cor grid and accumulate the values.

4. ldentify the peaks of matrix Cor. Each peak in association with the centre of the

grid constitutes a possible prototype.
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As an example let us consider the synthetic binary image showin gure 4.3. Steps of
creating matrix Cor and also the prototypes which we shall discover using matrixCor,

are shown in gure 4.4.

Figure 4.3: A synthetic binary image

+ +
+ +
e

Matrix Cor Final result

Figure 4.4: Steps of building matrix Cor and subsequently nding prototypes from
the binary image shown in gure 4.3. In the nal result, each | ine which is drawn
from the centre, connects the two members of a prototype.

Figure 4.5 shows some real examples. Th€or matrices which were created using the
extracted regions shown in gure 4.5-b are visualised in gue 4.5-c. These regions were
extracted from the images shown in gure 4.5-a. In gure 4.5¢ it can be seen that matrix
Cor is very noisy compared with the matrix we constructed for the synthetic image. This

is due to various reasons:
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Figure 4.5: a) Original image. b) Extracted regions using th

(©)

e low-level image analysis

module introduced in chapter 2. ¢) Matrix Cor created from the extracted regions.

The darker the grey value, the higher the value of an element o

f matrix Cor.
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fragments of regions of interest extracted instead of full egions;
incorrect blobs extracted;

perspective e ects.

So, for peaks to be identi ed in these maps, some smoothing sato be rst applied.
From the blobs which was extracted, we rst create the histogam of the areas of the
extracted blobs and identify the mode of the area. For constucting the histogram of the
areas, the range of the area values is divided into bins of egli width. The number of
bins is chosen to be roughly one order of magnitude smaller #n the number of blobs
extracted. The mode area is de ned as the average area of theldbs that fall in the most
populated bin. Let us call it Ap,. In gure 4.6 the histograms and the identi ed modes of
the extracted regions of gure 4.5, are shown. We then use anweraging window of size

Pa-+05 P

An +0:5 to smooth the correspondingCor map.

After smoothing the Cor map, the local maxima are identi ed. The smoothed Cor maps
and the corresponding extracted local maxima, for the examfe of gure 4.5, are shown in
gure 4.7. We search for di erent local maxima in four di ere nt directions by considering
the local maxima in 4 non-overlapping angular bins with 225 tolerance, and with
respect to the centre of matrix Cor, about the horizontal and vertical mean directions.
Let us assume two vectors, saya and b, which emanate from the centre of matrix Cor,

pointing to the nearest local maxima with respect to the cente. These vectors are accepted

as a discovered prototype if:

ja bj
> 4.1
jajjbj 1)
and,
jPa ij
2 2<T2 4.2
jPa + Ppj 4-2)

where P, and Py are the values of the points of matrix Cor to which vectors a and b
are pointing. In our implementation we choseT1 and T2 to be equal to Q9 and G1

respectively. These criteria mean that the central point ard a neighbouring maximum are



4.2 Prototype discovery 73

10l | 23 B

21 B
= =

° Q19 il
G 15 S

<! @ 1 B
9] O
£13 £

@ b 7
s 5

S 1] = 13| -
L Qo

- « 11 b
o IS}

z g 9 i
£ €

=1 =3 4
z z

844 1059 1394 2406 4450 6493
Area of the extracted regions Area of the extracted regions
(a) (b)

3237 ]
Area of the extracted regions

(©)

6239

Number of regions in each bin
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accepted as forming a prototypé if there is a symmetrically placed maximum of roughly
equal strength on the other side of the central point. The prdotypes which were identi ed
from the smoothed Cor maps are shown in gure 4.8. Note that although four vectors ae
marked in each image, they correspond to two prototypes, onbetween vertically arranged
regions and one between horizontally arranged regions.

Using the discovered prototypes, we generate hypothesesrfothe existence of similar
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Figure 4.8: Discovered prototypes are shown by lines emanat ing from the centre of
matrix Cor.

regions with those that have already been extracted. In the ext section we discuss the

similarity measures which we shall use to reject or verify tlese hypotheses.

LA prototype in this application is a vector which describes th e relative location of blobs with respect
to each other and it is used for describing the repetitive pat tern of blobs.
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4.3 Hypothesis Generation and Region Similarity Measures

In section 4.2 we discovered prototypes from the extracted égions, which we can utilise
to nd a region in the original image similar to what has been dready extracted. In other
words, once we know where to look to nd a region similar to onewe already identi ed,
we have to verify its existence by using a similarity measure We considered that the
images we wish to compare may be dissimilar in some details,ub similar in their overall
appearance. For example, we would like to discover a hypottséssed window paired through
prototype discovery with an already identi ed one, even if this second window is open or
has its shutter closed or has a curtain. So, what we would likeao compare between an
already identi ed region and a hypothesised one is the basi@appearance rather than the
detail.

In this section we present di erent similarity measures which we used and evaluated for
verifying a generated hypothesis. In section 4.3.1 we dedbe the correlation coe cient
and the normalised mutual information, which are conventianal similarity measures in the
literature. In section 4.3.2 a similarity measure, known aseigenconjugation, which was
proposed in [49] is presented. An alternative similarity mesure based on singular value
decomposition (SVD) of the sub images is proposed in sectio#.3.3. In section 4.3.4 two
techniques which we proposed for validating the generatedypotheses, using a similarity

measure, are explained.

4.3.1 Correlation Coe cient and Normalised Mutual Informa tion

Mutual information and correlation coe cient are conventi onal techniques for measuring
the similarity between two images. The correlation coe cient measures the linear depen-
dency of the two images and mutual information measures theedundancy in them. The

similarity of two images, say A and B, based on the correlation coe cient is de ned as:

B = Ef(A  A)((B  B)9 (4.3)
A B
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where E is the expectation operator, 5 and g are the standard deviations of images
A and B, respectively, and 5 and g are their mean values. Function a.g is bounded
between 1 and 1. The correlation is 1 in the case of an increasing linearelationship,

1 in the case of a decreasing linear relationship, and some lu& in between in all other
cases. The closer the coe cient to either 1 or 1 the stronger the correlation between
the two images. If the two images are linearly independent ten the correlation is 0.
In this application for comparing two sub-images, we considr the absolute value of the
correlation coe cient.

The similarity of images A and B, on the basis of mutual information, is de ned as:
MI (A;B)= H(A)+ H(B) H(A;B) (4.4)

where, H(A) and H (B) are the marginal entropies of imagesA and B, respectively, and

H (A;B) is the joint entropy of A and B. The marginal entropy image A is de ned as:

X
H(A) = Pa (x)10g, (pa (X)) (4.5)

X

where, pa(X) is the probability density function (normalised histogram) of image A. The

joint entropy of images A and B is de ned as:

X
H(AB)= Pag (X;y)log, (pag (X;Y)) (4.6)

Xy
where pag (X;y) is the joint probability density function (normalised 2 D histogram) of
the two images. The more similar the two images, the higher tle mutual information. In
order to normalise the mutual information, a variation of it known as normalised mutual

information is usually used, which is de ned as:

. _ MI(A;B)
Ml (A;B) = H(A)+ H (B) (4.7)
, _ i
This measure is bounded betweenO; min(H (A):H(B))

H(A)+ H(B)
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4.3.2 Eigenconjugation

Eigenconjugation is an approach for computing the similarty between images of the same
class. In this method images are considered as matrices anldd task is to compare matrices
\with all the information contained in each dimension of the bi-dimensional array" [49].
Since the eigenvectors and eigenvalues describe complgteind univocally the intrinsic
information of a square matrix, the authors propose to emply them for quantifying the
similarity between two square matrices. The details of thistechnique are as follows.
Given two square matrices of siz?N- N, sayA andB,let A and g beN N diagonal
matrices having on their main diagonals the eigenvalues ofhte corresponding matrix.
Let Vo and Vg be N N matrices which are composed of column vectors that are the

eigenvectors of matricesA and B, respectively. From linear algebra it is known that:
Va = AVa % Vg = BVg ! (4.8)
Then matrices V2 and V¢, known as the eigenconjugationof A and B are de ned as:
V2= BVa % VY= AV gt (4.9)

where V2 and V are of sizeN  N. SinceVa and Vg are matrices composed of column
vectors, it is expected thatV,2 and V) will have the same structure. In factV,2 expresses the
e ect of the conjugation of B with the eigenvectors and eigenvalues oA and analogously
VBO expresses the e ect of the conjugation ofA with the eigenvectors and eigenvalues of
matrix B. Now, let us consider twoN N matrices, sayU and V, which are composed

of column vectors such as:

u= utuz uN ,v= vty W (4.10)

U Vv eubvl e u3V? e uN;yN (4.11)
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where e(u’; V') calculates the Euclidean distance between vectorsi and vi. The result
is a sequence that contains the distances between conseai pairs of column vectors
from both matrices. From matrices Va, VAO, Vg and VE? the following sequences may be

generated in the same way:
dp=Va V2 dr= Vg V2 (4.12)

Sequenced; expresses the Euclidean distances between pairs of column$ matrices Va
and V,S, and sequenceal, expresses the Euclidean distances between pairs of columo$
matrices of Vg and V. In [49] the authors postulate that \if the original matrice s A and
B are similar then the behaviours of sequenced; and d, are also similar”, i.e. if A B
then d;  d,. Note that this expression is a one-way logic, in other wordsf d;  dy it is
not necessarily true that A B.

For comparing sequencesl; and d, a techniqgue known asDynamic Time Warping is

used. The objective of this method is to nd an optimum match between two sequences.

and s; is the i element of sequenc&. Let first (S) be the rst element of S and rest(S)

be a subsequence db that includes the elements from position 2 to the end. hi denotes

The dynamic time warping is de ned as:

DTW (hi:hi)=0 (4.13)

DTW (Q;hi)= DTW (hi;C)= 1 (4.14)

IMWV ©

DTW (Q; C) = dpase(first (Q) ;first (S))+min

8
% DTW (Q;rest (C))
§ DTW (rest (Q);C) (4.15)

W/

DTW (rest (Q);rest(C)) -

where dpase(G:G) = jg Gj returns the distance between two elements,

lighted that DTW is a recursive function andDTW (Q;C) = DTW (C; Q) since the cost
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function dyase(G; ¢ ) is symmetric in terms of g and ¢;. Furthermore, when the charac-
teristic sequences are the same, i.eQ C then DTW (Q;C) = DTW(C;Q) = 0. On
the other hand, whenDTW (Q;C) ! 0 then the two sequences are similar, whereas when
DTW(Q;C) !'1 they are considered to be dierent. In other words, the highe the
value of function DTW, the less similar the sequences are.

In order to address the e ects of the dynamic range of the segences in the computation

of DTW, the cost function dyase is modi ed according to:

dbase (G:G) = (:‘2 (4.16)

where g is the mean value of sequenc®. When using the modi ed distance function,
DTW (C;Q) is not any more equal to DTW (Q; C). For this reason, the authors of [49]

propose to use the following criterion to evaluate the simirity of the two sequences:

D(Q;C)= " (DTW(Q;C)2+ DTW(C, Q)7 4.17)

Value D is an indication of the dissimilarity of the two sequences (he higher the value
of D, the more dissimilar the sequences), and as a result, the dibnilarity of the two

matrices from which the two sequences are generated may befarred. Therefore, for

original matrices A and B the value P (DTW (d;;d2)2+ DTW (dy;dp)?) is an indication
of the dissimilarity of the two square matrices.

To assess whetheD (Q; C) is a metric or not, we considered several triplets of square
matrices,Q, C and F and checked howD (Q;F) + D(F;C) compares with D(Q; C). For

D (Q;C) to be a metric, the triangle inequality has to be obeyed, i.e
D(Q;F)+ D(F;C) D(Q;C) (4.18)

In gure 4.9 D(Q;F)+ D(F;C) is plotted versus D (Q; C) for 1000 triplets of matrices of
various sizes. Inequality (4.18) is obeyed in 86% of the case So, functionD de ned by
equation (4.17) is a reasonably good pseudometric.

Eigenconjugation may be applied only to square matrices. Sovhen eigenconjugation is



4.3 Hypothesis Generation and Region Similarity Measures 81

Triangle Inequality
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Figure 4.9: Result of the investigation of the triangle ineq uality of the distance mea-

sure of equation (4.17).

used, one may consider either the maximum enclosed square iagion A or the minimum

enclosing square of regio\. Our pilot experiments showed that the use of the minimum
enclosing square resulted in more accurate and reliable relts compared with those pro-
duced by the use of the maximum enclosed square. Thereforea) the reported experiments
we consider the minimum enclosing square of the extracted ggons.

The dynamic range of dissimilarity measure which is de ned ly equation (4.17)is[Q+1 ),

however, a threshold is required for verifying the generatd hypothesis. For this we cali-
brate the computed value to be suitable for this application Assume that the two sub-
images which were extracted areA and B. A is the prototype region and B is the region
which we wish to test for being the same a®\. We use the following approach to calibrate

the similarity between these two sub-images using eigencgumgation.

1. Consider a region,C, which is known not to be the same as regiorA. We selectC

to be a random noise image of the same size #s

2. Next, we computeD (A; C) and D (A; B) using equation (4.17). If Béﬁigg is less than

a threshold, then we infer that B is similar to A.
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In section 4.3.4 we present the procedure which we developerfchoosing a threshold with

which we can determine whetherA and B are similar or not.

4.3.3 A Similarity Measure based on Singular Value Decomposi tion

Eigenconjugation may be applied only to square images. Bedes, pilot studies showed
that the metric properties of eigenconjugation re ect reasonably well the perceptual sim-
ilarity of images, when the images are of the same class, andhds very similar, but the
correspondence with perceived similarity is totally absehwhen the compared images be-
long to di erent perceptual classes. In addition, we consi@red that the images we wish
to compare may be dissimilar in some details, but similar in heir overall appearance.
For example, we would like to discover a hypothesised windovpaired through prototype
discovery with an already identi ed one, even if this secondwindow is open or has its
shutter closed or has a curtain. So, what we would like to comare between an already
identi ed region and a hypothesised one is the basic appearee rather than the detail.
For all the above reasons, we propose a measure of similarityased on the singular value
decomposition of the two regions. We decompose the two regis using singular value
decomposition (SVD). Two sub-images, sayl1 and I,, that we wish to compare maybe

written as: [50]:

Xt q4— X2 4 —
ccely = v D= Lty (4.19)
i=1 —]{Z_—} i=1 | —{Z—
E1 Es

where | and | are the eigenvalues of matriced;l] and I,1] respectively and ) and
u‘z are the corresponding eigenvectors. Parameters; and r, are the ranks of the same
matrices, ¥, and ¥, are the eigenvectors ot { I, and | ] I », respectively, also corresponding
to eigenvalues '1 and '2 The eigenvalues in 4.19 are arranged in decreasing orderg s
successive approximations of the two sub-images may be ohiteed by truncating these

expansions by keeping only the rst few terms. The similarity measure which is de ned
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as: q

(4.20)

i= 1
SIM (I1;12) = P g

where k:k is the norm operator. This criterion is bounded between 0 andl and the
higher the value of SIM (l11;12) the more similar the two sub-images are expected to
be. Parameter is used in order to avoid the saturation of the exponential function.
Some pilot experiments showed that forM N sub-images = min( M; N ) restricts the
saturation of the exponential function, satisfactorily. Furthermore, E} and E} are scaled
to have values from O to 1.

To de ne a distance measure from equation (4.20) we seD1(I1;12) =1  SIM (I1;15).
This distance measure satis es the properties of non-negatity and symmetry for metrics.
To assess whether it is a metric or not, we considered severtiplets of rectangular matrices
1, I, and I3. In gure 4.10 we plot D1(I1;12) + D1(lo;13) versus D1(l;13) for 1000
triplets of matrices of various sizes. The triangle inequaty (4.18) was obeyed in 100%
of the cases. So we can infer that the distance measui@1(l1;12) and by extension the

similarity measure de ned by (4.20) is a metric.

Triangle Inequality

=
SL

D1(11,12)+D1(12,13)

0.5
O I I I )
0 0.5 1 1.5 2
D1(11,13)
Figure 4.10: Results of the investigation of triangle inequ ality for the distance measure

de ned by the similarity measure of equation (4.20).
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As an alternative to SIM (I 1;12), we may use:

$IM (I11;1,) =

(4.21)

where ¢i.g; is the correlation coe cient of Ej and Ej.

To de ne a distance measure from equation (4.21) we seD2(11;12) =1 $IM (11;12).
This distance measure satis es the properties of non-negatity and symmetry for metrics.
To assess whether it is a metric or not, we did the same test asbave by comparing
D2(l1;12)+ D2(I2;13) with D2(I1;13) for 1000 triplets of matrices of various sizes. Figure
4.11 shows the results of this experiment. In this test, the tiangle inequality (4.18) was
obeyed in 98% of the cases. Therefore, in contrast to (4.20hts measure is a pseudometric
and by extension so is the similarity measure de ned by (4.2L

In equations (4.20) and (4.21), parameterk can be used for determining to what extent

Triangular Inequality

=
SL

D2(11,12)+D2(12,13)

0.5
02 ‘ ‘ ‘ ‘
0 0.5 1 1.5 2
D2(11,13)
Figure 4.11: Result of investigating the triangle inequali ty of the distance measure

de ned from the similarity measure of equation (4.21).

the details of the two sub-images have to match. The more defiés to be matched the higher
the required value ofk. At the limit where k =min(r1;r2) the two images have to match
exactly. As we are only interested in comparing the overall apearance of the subparts of

the buildings, we just considered the rst three basis imags in our implementation.
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4.3.4 Hypothesis veri cation using a similarity measure

The general framework for verifying a generated hypothesisising one of the similarity

measures which was until here, is as follows.

1. Consider an initially extracted region, sayA, in the original image.

2. Consider one of the discovered vectors connecting the cees of the regions that

form prototypes.

3. Around the position pointed by the vector, which starts from the centre of region

A, consider a region, sayB, of the same size as regio@ in the original image.

4. If region B corresponds to one of the previously extracted regions theignore it and

consider another extracted region and go to step 2. Otherwis go to the next step.
5. Compute the similarity measure betweenA and B.

6. If the similarity between A and B is more than a threshold, T, then considerB as

a new region of interest.

7. Consider all extracted regions (including the new ones) rad repeat steps 2 to 6 until

no more hypothesised region is veri ed.

According to this procedure, the main problem which needs tobe addressed is in step 6
where a threshold , T, for the similarity measure should be selected. We use the flowing
technique for that.

For each image we considered all pairs of initially extracte regions which are placed in
relation to each other according to the discovered prototyes. Let us assume that there are
P pairs of such regions. Next, we select as threshold of similidy the X percentile of the
distribution of the similarity values. To identify this, th e similarity values are sorted in an
ascending order. Next, we consider as threshold the value #t corresponds to the region
at position bXP +0:5c. For example, let us say that we haveP = 73 pairs of regions.
For X = 0:25, the threshold we shall use will be the similarity of the 18 pair, since

p0:25 73+ 0:5c = 18. A region that is more similar to a given region by this threshold
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is postulated as a true region of interest.

Note that as we discover a vertical and a horizontal prototype, we may opt to de ne two
thresholds, one by considering only the vertically paired egions and one by considering
only the horizontally paired regions.

In the same way we may choose a threshold for the eigenconjutian method of section
4.3.2. The only dierence there would be that the measure of similarity" is actually
a distance, i.e. a measure of dissimilarity and only regionghat di er by less than the

threshold will be accepted.

4.4 Experiments

In this section we evaluate the performance of the hypothesiveri cation. The veri cation
procedure is mainly dependant on the similarity measure whih is used. Therefore, in
this section we evaluate the performance of the di erent sinilarity measures which were
introduced in section 4.3. For this, we employed the manualf segmented and annotated
images of 70 buildings.

An ideal veri cation procedure is the one which accepts all é the correctly generated
hypotheses and neglects the incorrectly generated ones. brder to distinguish the correct
hypotheses from the incorrect ones, we used the manually semgnted images of [27]. A
hypothesis is generated correctly if it corresponds to one fothe segmented regions of a
building. The correspondence between two regions is veri@ by the amount of the overlap
between them using the procedure described in equation (20). We used the Receiver
Operating Characteristic (ROC) curves for these experimets. The area under this curve
determines which similarity measure has the most satisfaary performance. Steps for
computing the ROC curve for each of the similarity measures troduced in section 4.3

are:

1. Divide the dynamic range of each of the similarity measurs into 100 equally dis-

tanced values.

2. Take each of these 100 values (for each similarity measyr& be equal to the chosen
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veri cation threshold.

3. For each threshold compute the following numbers.
1. Number of correctly hypothesised regions which are veried (True Positive).
2. Number of correctly hypothesised regions which are not wéed (False Negative).
3. Number of incorrectly hypothesised regions which are noteri ed (True Negative).
4. Number of incorrectly hypothesised regions which are véed (False Positive).
Next, compute sensitivity and speci city using:

True Positive

sensitivity = — -
y True Positive + False Negative

(4.22)

and
True Negative .
True Negative + False Positive’

specificity = (4.23)

4. Plot sensitivity versus 1 specificity .

We computed the ROC curves for the following veri cation mecdhanisms:

Similarity measure on the basis of eigenconjugation which as introduced in section

4.3.2.
Similarity measure on the basis of SVD which was presented isection 4.3.3.
Similarity measure based on correlation coe cient.

Similarity measure based on normalised mutual information

The ROC curves of these measures are shown in gure 4.12. Frorthis gure the area
under the curve of the similarity metric de ned by equation (4.20) is more than the other
similarity measures. This shows that the measure based on # SVD is a more suitable
similarity measure in the veri cation process. This may be justi ed by the reason that the
decomposed images represent an overall appearance of thebparts of buildings rather
than the detailed appearance.

Having used this similarity measure for the veri cation procedure, regions which have

been extracted from the images shown in gure 4.1 are shown ingure 4.13. It can
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Comparing ROCs of Different Similarity Measures
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Figure 4.12: ROC curves for di erent similarity measures

be seen that results have been improved by employing the tectique proposed in this
chapter. Note that after generating new blobs, overlappingregions may be created. In
order to remove the overlapping blobs we used the techniquerpsented in section 2.3.4. We
also evaluated the performance of the blob detector with ths post-processing technique,
using the experiment described in section 2.4.3. The regianwhich we included in this
experiment were window, chimney, dormer, and balcony as th&e regions are more likely
to be located in repeated structures. The results of this expriment are listed in table 4.1.
It can be seen that using this post-processing technique inmpves the performance of the
blob detector in identifying these building subparts by 18% The greatest improvement
was for label \window" as windows are more likely to construd repeated patterns in the

images of buildings.

4.5 Summary

In this chapter we proposed a method for detecting repeatedtauctures from the images

of buildings. We also engineered a process of prototype digeery, hypothesis testing
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Figure 4.13: The whole regions which were extracted after, p
pothesis generation and hypothesis veri cation. As it is sho
gure 4.2 we use the algorithm introduced in section 2.3.4 fo

rototype discovery, hy-
wn in the owchart of
r removing overlapping

regions which were created after the hypothesis generation procedure.
Region Number of regions Blob Detection Blob Detection+Praotype Discovery
Window 3778 633% 814%
Chimney 67 432% 432%
Dormer 44 681% 75%
Balcony 34 529% 65%
All regions 3923 629% 8053%

Table 4.1: The percentage of detected regions of interest us

ing the blob detector.
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and veri cation for identifying missed blobs when repeated patterns are present in the
image. A novel metric is proposed for assessing the simildyi of sub-patterns. We showed
that the proposed measure outperforms other conventional imilarity measures in our
application where we are interested in comparing the overdlappearance of the subparts
rather than detailed appearance. Furthermore, our experinents showed that the proposed
hypothesis generation method, improves the performance othe blob detector by 18%
in identifying the subparts of buildings, especially subpats like windows which are more
likely to construct as repeated structures. Having identi ed all blobs in an image, however,
does not include the segmentation of larger scale componesitlike facades, the sky or the
ground. In the next chapter we will show how the system is augrented with a module

that uses the extracted blobs to identify the facade and segmnt the image fully.
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Chapter 5

From blobs to the full

segmentation of the image

5.1 Introduction

In chapter 2 we proposed an interest operator which extractdlob shaped regions from an
image. In chapter 4 we did further processing in order to idetify blobs which are more

aligned with subparts of buildings, including windows, chimneys, balconies, dormer. In
order to have a more complete low-level interpretation of inages of buildings, identifying
pixels which belong to the facade is also essential. In adddn, identifying regions which

contain \Sky" \Ground" and \Vegetation" can be useful for hi gher levels of interpreta-
tion, especially when contextual information is intended to be incorporated in the higher
interpretation modules.

In the literature, there is extensive work on classifying pkels (non-overlapping blocks of
an image) to building and non-building in a single image [51][52]. In these frameworks,
supervised classi ers [51] [52] are used for classifying»mls to building and non-building.

For this purpose we employ other alternatives which make usef the output of the blob

detector. We use two di erent approaches which are eventudy combined to create an

almost complete segmentation of the scene:

1. In the rst approach we use an inpainting algorithm in order to replace the pixels
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which belong to the identi ed blobs of the previous stages wih their values from their
surrounding pixels. As a result of the inpainting algorithm, homogeneous regions
are produced in the image. Subsequently, we use the mean sh#igorithm [47] for
segmenting the image into di erent clusters based on the piels' position and colour

(grey-value). A detailed description of these two steps is pesented in section 5.2.

2. In the second approach we formulate the problem of segmeinig the facade from the
other parts of the image as the minimisation of a cost functim. Ideally the global
minimum of this cost function should correspond to a good sementation of the
building. For this, we modelled the image using Markov randan eld and minimised
the Gibbs energy function which is associated with this MRF.In this model the Gibbs
energy function consists of two terms: 1) a data term which isestimated using the
initially detected blobs and 2) a smoothness term which is daved from the gradient
of the image. We use the global minimum of this energy functia in order to infer
whether a pixel belongs to the building or not. Detailed desdption of this approach

is presented in section 5.3

In section 5.4 we combine these two approaches for the task segmenting the facade and
the other parts of the image. It is worth noting that the second approach only identi es

the pixels which belong to the facade, however, the rst appoach clusters the image
into di erent regions and has the advantage of extracting the other parts of the image,
including \Sky", \Ground", \Vegetation" etc. at the possib le cost of over-segmenting the

image. Further discussion will be given in sections 5.5 and.b.

5.2 Inpainting and Mean Shift

An overview of the di erent steps of the proposed method for €gmenting the image based
on an inpainting algorithm and mean shift clustering is shown in gure 5.1. Having
identi ed the blobs, pixels which are inside the bounding boes of the blobs are labelled as
\unknown". Next, we use an inpainting algorithm in order to Il up the \unknown" regions

using values from their surrounding pixels. For this step ofthe algorithm we developed
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An example of the output Label the pixels inside the Re-Quantize the image. Use mean shift for clustering
of the blob detector =¥ identified blobs as "unknown" [ Use Inpainting to fill up the = the pixels based on their
unknown regions. colour or grey value
Figure 5.1: Steps for segmenting the image using a combinati on of inpainting and

mean shift.

an intuitive algorithm which will be further described in section 5.2.1. Subsequently the
image is segmented into di erent clusters using the mean sl algorithm proposed in [47].

This is presented in section 5.2.2.

5.2.1 Inpainting

Filling-in missing data is an active research area in the imge processing and computer
graphics communities. It has a variety of applications rangng from removing objects from
a scene all the way to retouching damaged paintings and phographs. The basic idea is
to ll-in the gap of missing data in a way that it cannot be dete cted by ordinary observers.
In art this process is calledinpainting [53].

The goal of this section is to introduce an algorithm for autamatically lling-in the regions
which are labelled as \unknown" based on their surroundingphotometric  information.
The well known techniques [53] [54], for inpainting incorpoate both the grey values (pho-
tometry) and the gradient direction (geometry) of the surrounding areas of the holes to be
lled-in. In these techniques by using the gradient of the image, not only the grey value
of the hole is synthesised but also the texture of the surrouding areas is reproduced. As

a result, a good continuity in the nal image is obtained. In [53] the authors proposed a
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technique which makes use of di usion to propagate colour vaies into the holes. In [54]
an a priori map is used to propagate colour into the holes. Thedrawback of both of these
approaches is that they are computationally expensive. We @nsider the inpainting step as
a preprocessing for segmentation, therefore, high qualityf the inpainting algorithm, i.e.
retaining the texture characteristics of the image is not ofour concern. We use a compu-
tationally cheap but e ective algorithm which lls-in the g aps with just the photometric
information of their surrounding regions.

We adopt here notation similar to that used in the inpainting literature. The region to be
lled, i.e, the unknown region is indicated by , and the bounding box around the blob is
denoted by . The bounding box evolves inward as the algorithm progresses. Theknown
region, is all of the image except the unknown regions. The seps of the proposed algo-
rithm for lling in the regions are as follows. Note that thes e steps are applied to a grey

image.

1. We rst quantise the image in order to have integer values letween 0 15. We do
this because 1) the texture information is smoothed out and a a result the e ect of
not using the texture information in the lling procedure is decreased; 2) it reduces

the computational cost and the memory required for the next sep.

2. Consider the T-shaped image neighbourhoods shown in g& 5.2. We have as
many unique neighbourhoods of each type as we have combinatis of @; b; g that
constitute the neighbours of pixel p. The idea is to use the combination of &;b; 9
values to index the possible values of pixep. We use these neighbourhoods to build
a hash table for each of them. Treating each possible value gjixels (a;b; 9 as
the digits of a number in the hexadecimal system, we realisehiat there are 15
162 +15 16'+15 16 = 4095 such distinct numbers. So, we construct a table
with 4095 rows and 16 columns similar to what it is shown in gure 5.3. One such
table associate with each type of neighbourhood. We then inialise all the cells of
these tables with 0. Next, for each pixel coordinate {j ) with grey value p(i;j ),
inside the known region, we consider the neighbouring pixels according to gre 5.2.

Next, we computeR = a 162+ b 16 '+ c 16° wherea;band c are the pixel
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values of each of the neighbouring pixels. Subsequently, ¢hvalue of is increased
h(R; p(i;j )) by 1 where h(R; p(i;j )) denotes the cell R; p(i;j )] of hash table h. We
continue this process for all the pixels inside theknown region and for all of the
di erent neighbouring structures shown in gure 5.2. This yields four hash tables
each corresponding to one of the neighbourhood structuresA row of such a table

is the histogram of the values of pixels for a speci c combindon of values of their

neighbours.
p a a
al b| c al b| c bl p pl b
p c c
Figure 5.2: Neighbouring patches which are used for buildin g the hash tables.
p
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Figure 5.3: Structure of the hash table.

3. In this step grey-values are propagated into the unknown egions using the con-
structed hash tables. Pixels which are nearest to the boundaig box, , as shown by
green blocks in gure 5.4, are considered rst. Dierent neighbourhood structures
and their corresponding hash tables are employed to assigralues to the unknown
pixels. First the key which corresponds to a neighbourhoods computed. For in-
stance, if the neighbouring pixels have grey values; b; and ci, the key R is com-

puted usingR = a; 16°+b; 16+ c; 16° In order to compute a value for pixel
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p a random number,r, is drawn according to the normalised histogram (probabilty
density function) which corresponds to theR™ row of the hash tableh, whereh de-
notes the hash table corresponding to the particular neighburhood structure. The
random number is generated using the method described in [$5Subsequently,r is
assigned to pixelp(i;j ). This procedure is repeated until all pixels in the unknown

regions are lled with grey values.

| al| bl cl

a2

a4 b2

b4 c2

c4

Unknown Region

Figure 5.4: Filling procedure of the unknown regions.

The aim of the proposed algorithm is to assign to the pixels othe unknown regions grey
values which are most frequently occurring in theknown region, given their neighbouring
values. Some results of the proposed inpainting techniquera shown in gures 5.5 and
5.6. As mentioned earlier, this step is a preprocessing stefor the mean shift algorithm,
and we have not considered problems like reconstructing théexture of the surrounding
regions of the unknown regions. Although the grey image vales are from 0 to 15, for

displaying purposes, this range is stretched to the range [@55], by using:

k

]
new = 910—'; 255 + 05 (5.1)

where grew is the new stretched grey values andyq is the old grey values ranging from

0 to 15. It should be noted that for the next step, the raw values in the range [Q 15] are
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used.
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Figure 5.5: (a) The bounding boxes of the identi ed blobs. (b ) The unknown regions
in black. (c) The grey images obtained from the inpainting al gorithm.

5.2.2 Mean Shift

\Mean shift is a nonparametric technique for the analysis ofa complex multi-modal feature

space and for delineating arbitrarily shaped clusters in it [47]. In vision this technique
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Figure 5.6: (a) The bounding boxes of the identi ed blobs. (b

) The unknown regions
in black. (c) The grey images obtained from the inpainting al

gorithm.
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is used for di erent applications, including edge preserwg smoothing (known as mean
shift Itering) and segmentation. In this step, we use mean 4ift in order to segment
the images obtained in the previous step into an unknown numker of homogeneous and
distinct regions.

Mean shift has the advantage over other well known clusterig methods like k-means,
and Gaussian mixture models, that it does not need a priori klmwledge of the number of
clusters present, and it does not assume the same shape (masften elliptical) for all the
clusters in the space. In the feature space, dense regionsrspond to the local maxima
of the probability density function ( pdf), which are known as themodes of the pdf. The
purpose of the mean shift algorithm is to determine these moes iteratively. Subsequently,
the clusters associated with these modes are delineated ks on the local structure of the
feature space. In the following the mathematical concepts bhind the mean shift algorithm
are presented.

Kernel density estimation (like the Parzen window technique) is a popular technique
for estimating the density of the features in a feature space Given n data points Xx;,
i=1; ;ninthe d-dimensional spaceRY, the multivariate kernel density estimator with
kernel K (x) and a diagonald d matrix H which controls the width of the kernel in

di erent dimensions, computed at point x, is given by:

xn
f00= 2 Kule x) (5.2)
i=1

In the mean shift implementation, matrix H is chosen to be proportional to the identity
matrix H = h?l. This implies that the widths of the kernel in di erent dimen sions are
similar. A radially symmetric kernel for estimating the pro bability density function may

be de ned as:

Ki ()= ngexp (5.3)

Nl
= %

where h is a parameter for controlling the width of the kernel and 1.4 is a normalising

constant which ensures thatK y (x) integrates to 1. Using simple algebra and knowing
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R _ _ :
that 1'1 e Xdx = P ., h:d IS computed using:

2 d=2
hid = 7( ;d (5.4)
replacing (5.4) and (5.3), in equation (5.2) the density esimation may be written as:
!
_ ) =X 1x %2
' (x) = e exp S (5.5)

i=1
The modes of the density of features are located among the zes of the gradientr f (x) =0
and the mean shift algorithm is a way to locate these zerosvithout the need for estimating
the density. For showing this, let us consider thedensity gradient estimator as the gradient
of the density estimator (5.5).

(2) =X

nhd+2
i=1

x
x

r i (x) = (5.6)

NI
>

(Xi  X)exp

Expanding the di erence inside the sum on the right hand sideof equation (5.6) and taking

P i=1

out as common factor ,exp 1 XX 2, yields:
! 2P n 1 x x 2 3
_(2) =X 1 x xi 2, i=Xiexwe 3 Ty 5
r f'(x) = e eP 5 T P R x5 (5.7)
i=1 i=1 exp 2 h

Both terms of the product in (5.7) have special signi cance. The rst term is proportional
to the density estimate f (x), equation (5.5), and the second term is known as thenean

shift vector denoted by mp.y . Therefore, equation (5.7) may be written as:

r f'(x) = h—lzf’\N (X)Mp(x) (5.8)
yielding:
h2r f*(x)
Mmp(x) = 00 (5.9)

Expression (5.9) shows that at locationx, the mean shift vector is proportional to the
normalised density gradient estimate. Therefore, it can be inferred that the mean shift

vector always points towards the direction of maximum increase in the density. The mean
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shift procedure obtained by successive computation of the gan shift vector mp.y (x) and
translation of the centre of the kernel with my.\ (x). This will lead to a stationary point of

the estimated density function. Denote by y; the sequence of successive locations

j=1;2;
of the kernel. Therefore:

0 P n 1 j i !
iz Xi€Xp 5 —q

Yij+1 = Mn(y;)ty; = % P

n
1 exp

Nl
py
T
=
L]
X
©
NI
pmy

(5.10)
The proof of convergence of (5.10) is given in [47].
For demonstrating the mean shift algorithm we used a toy example. First, we randomly
generated 800 data points from four Gaussian distributions(200 data points from each)
with di erent expected values and equal standard deviationas it is shown in gure 5.7a.
Next, we selected randomly an initial point and iteratively updated its location using
equation (5.10), until it converged to a point. The trajectory which leads the initial
point to the point where it has converged is shown in gure 5. . The same procedure
is applied to the remaining points. Trajectories estimated from di erent initial points
are shown in green in gure 5.7c. Having applied this procedte to all data points, four
cluster centres are identied and the generated data are segented into four di erent
classes, each class represented with a di erent colour in gre 5.7d.

An image is usually represented as a two-dimensional lattie of p-dimensional vectors
(pixels), where p = 1 in the grey level case, andp = 3 for colour images. The space of the
lattice is known as the spatial while the grey level, and colour is represented by theange
domain. The purpose of image segmentation is to segment themiage into homogeneous
and distinct regions. For this, in [47], the feature space tfat is used for segmenting an
image incorporates both the spatial and the range domain. Asa result the feature space
is a spatial-range domain of dimensiord = p + 2.

Having introduced the basic concepts of the mean shift clusgring and the pre-processes
required for image segmentation, in the following, the step which we employed for
segmenting the grey images using mean shift clustering is psented.

Let xj, i = 1; ;n be the d-dimensional input and I, i = 1; :n, be the labels
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Figure 5.7: a) Raw data generated from four di erent Gaussia
trajectory which is estimated from the mean shift updating e guation (5.10). ¢) Some
. C) The classes estimated

other estimated trajectories with dierent initial points
ent colours.

after the mean shift clustering is applied are shown in dier

associated with each pixeli.

1. Initialise j =1 and y;.; = X;.

2. Computey;; ,; using (5.11), until convergencey =y

P Yi Xir 2 Yi Xis
Loxiexp 3 TS exp L
(5.11)

Yj Xis 2

hs

NI

NI

2
Yi Xir
“h exp

Yij+1 = p
n
-1 exp

NI

wherex;, and X;.s denote the range and spatial component of a vector, respecttly.

Since the range and spatial domains are of di erent naturesthe multivariate kernel
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is de ned as the product of two radially symmetric kernels ard the Euclidean metric
allows a single bandwidth parameter for each domain. The badwidth parameters

h = (hg; hy), determine the resolution of the mode detection.
3. Assignzj = Y.

4. In the basic segmentation procedure, vectors; i =1; ;n which converge to the
same mode, i.ey., are labelled the same. In other words, ifx,, and x, converged
to the same mode,l,, and |, would be the same. However, in order to avoid over-
segmentation in [47] a delineation procedure is proposednlthe delineation step, all
zi which are closer thanhg in the spatial domain and h; in the range domain are
grouped together. As a result, pixels which converge to the mdes which are closer

than hg in the spatial domain and h; in the range domain are labelled the same.

The bandwidth parameters h = (hg; h;) have a signi cant e ect on the nal result of
the segmentation. For demonstrating this, some of the resw$ which are obtained from
applying mean shift to the grey images shown in gures 5.5¢ ad 5.6¢ using di erent
bandwidth parameters are shown in gures 5.8-5.11. As menbned earlier, the inpainted
grey and colour images have grey values ranging from 0 to 15. rAinitial interpretation
regarding the e ect of the bandwidth parameters on the perfamance of the mean shift
classi cation is that the higher the value of h;, the less resolution in the range domain
will be obtained, i.e by using a largeh, the e ect of the small local variations in the
feature space will be discarded. The higher the value ohs; the less resolution in the
spatial domain will be obtained, i.e, larger connected compnents are obtained. In [56]
an adaptive technique for selecting the bandwidth parametes is also proposed. However,
selecting bandwidth parameters is a subjective issue. An a@ntage of the mean shift
clustering is that no prior knowledge is required for the nunber of clusters. However,
this may result in either over-segmentation or under-segmatation of di erent meaningful
regions. This can be seen in the segmented images shown in @s 5.8-5.11. In the next
section we propose a model for segmenting the facade from thaher parts of the image

using the information which is obtained from the initially d etected blobs.
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Grey Input
hs=20;h, =7 hs =30;h, =10 hs =10;h; =5
Figure 5.8: Results which are obtained with di erent bandwi dth parameters. Mean
shift clustering is applied to the inpainted grey images. Fo r displaying purposes the
clusters are randomly colour coded.
Grey Input
hs =20;h, =7 hs =30;h, =10 hs =10;h, =5
Figure 5.9: Results which are obtained with di erent bandwi dth parameters. Mean
shift clustering is applied to the inpainted grey images. Fo r displaying purposes the

clusters are randomly colour coded.
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Grey Input
hs=20;h, =7 hs =30;h, =10 hs =10;h; =5

Figure 5.10: Results which are obtained with di erent bandw idth parameters. Mean
shift clustering is applied to the inpainted grey images. Fo r displaying purposes the
clusters are randomly colour coded.

Grey Input

hs=20;h, =7 hs =30;h, =10 hs=10;h, =5

Figure 5.11: Results which are obtained with di erent bandw idth parameters. Mean
shift clustering is applied to the inpainted grey images. Fo r displaying purposes the

clusters are randomly colour coded.
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5.3 Facade/Non-Facade Segmentation

A probabilistic model for segmenting the facade from the otler parts of the image us-
ing the initially detected blobs is proposed. This model is nspired from the works
of [57] and [58] in which the authors used similar techniquedor e cient, interactive
foreground/background accurate segmentation . In the following we rst describe the
probabilistic model which is used for formulating the segmatation problem. Next, we
describe the proposed technique for segmenting the classaéade" from the other parts
of the scene, using a similar formulation. However, in contast to the interactive tech-
niques, this method is fully automatic.

Let the image be described by a vector of pixely=fyi;y2;  ;ypg in the RGB colour
space, where the index = 1;2; ;D runs over all pixels. We assume that the task of
Foreground/Background (in our task Facade/Non-facade) sgmentation is de ned as esti-
mating an array of binary variablesx=fx1;X2; ;Xpg where each pixely; is classi ed

as foreground or background as follows:

8

2 yi 2 Facade if xp=1

S _ (5.12)
yi 2 Non-Facade if x; =0:

The two class segmentation can be described as estimating anary vector x. For explain-
ing the probabilistic formulation of the segmentation, let us rst consider the undirected
graphical model shown in gure 5.12. Each vertex in this gragh represents a random
variable. The yellow vertices represent pixel colour valus, y, and the blue vertices denote
the binary random variables, x. There are two types of edges in this graphical model.
1) Edges between the blue vertices which represent the coragion (dependency) of the
binary random variables. These edges indicate that the neigbouring pixels are strongly
correlated. In other words, it is very likely that pixels whi ch are in a neighbourhood have
the same binary label. This constraint is for obtaining coheent segments in the segmen-
tation procedure. 2) Edges between the blue and yellow randonvariables, i.e. between
the binary random variables and the pixels' colour. These edes re ect how a pixel value

yi tsinto a model. For instance, how y; ts into the histogram of the foreground or back-
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ground. Based on this graphical model and the Bayesian rulethe posterior probability of

Figure 5.12: : An undirected graphical model representing an MRF for image seg-
mentation, in which  x; is a binary variable denoting the state of pixel i and y; denotes
the corresponding value of pixel i in the observed image.

X giveny can be estimated using:
P(xjy) / r_(%gﬁ ID{(ZX? (5.13)
Likelihood Prior

The aim of this model is to identify the con guration of the bi nary random variables that

maximises the posterior probability, i.e.:
X =argmax P(xjy): (5.14)

From gure 5.12 it can be inferred that in this model, random variablesy; are conditionally

independent from each other, therefore, the likelihood tem of (5.13) can be written as:

- \D -
P(yjx) = P (yijxi) (5.15)
i=1

We may model the prior probability density function, P(x) as an MRF. Then, it may be

expressed as a Gibbs distribution of the form:

POO= P Xz ixn)= 5 exp( UX) (5.16)
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where Z is a normalising constant andU(x) is the prior energy . Assuming that only the
two-site clique potentials are non-zero, the prior energy i this graphical model has the

form:

X
U(x) = S (Xi; Xj) (5.17)
(i )2C2

where G is the set of two-site cliques. Substituting (5.15) and (5.8) into (5.13) and
subsequently taking the negative of the logarithm of the poserior probability, reduces the

MAP estimation problem to:

X =arg m)i(n E(xy) (5.18)
where E(x;y) has the form of:
Yo X
E(xy)= Li (Xi;y;) + Sij (Xi;Xj): (5.19)
=1 7 } ii;i )2C2 {z )
Data term Smoothness

Function L; (X;; Vi) is the data term function which indicates the individual label prefer-
ences of pixel valuey; based on the observed and pre-speci ed likelihood functionFunction
Sij (Xi;X;j) is the smoothness functionwhich encourages spatial coherence by penalising
discontinuities between neighbouring pixels. Ideally, the global minimum of E(x,y) over
di erent labelling image con gurations should correspond to the desired segmentation.
In [57] and [58] the authors used a combinatorial optimisaton technique known asgraph
cuts for minimising E(x,y) . This technique and its powerful performance was rst dis-
covered by Greig et.al [59] in the application of minimisingimportant energy functions in
vision. Greig et al. used their result in the application of vision to show that iterative
techniques, like simulated annealing, reach solutions vegrfar from the global minimum.
We formulate the problem of segmenting the class \facade" fom the other parts of the
scene by de ning an energy function which consists of a datadrm and a smoothness term.
In contrast to the interactive segmentation techniques, ou technique is fully automatic
and no interaction is required. In section 5.3.1 we describ¢he technique which was em-
ployed for computing the data term of equation (5.19). In 5.32 we present the modelling

of the smoothness term of equation (5.19) and nally in 5.3.3the graph cuts technique is



5.3 Facade/Non-Facade Segmentation 109

explained.

5.3.1 Data term functions for \Facade" and \Non-Facade" regi ons

For estimating the data term function of (5.19) two models are required. One for the
\facade" class and the other for the \non-facade" class, i.e for each pixel valuey; two
valuesL; (1;y;) and L; (0;y;) are required. In this section we explain the procedure for
estimating these functions from the initially detected blobs.

Since most of the detected blobs are expected to be found on ¢hfacade, we rst estimate
a rough outline of the facade from the blobs using morphologial operators. For this we
construct a binary image by turning on the pixels which are irside the detected blobs and
turning o the remaining pixels. Next, we use a structuring element equal to the median
blob (in terms of area) to close the binary blob image. After gplying this morphological
operation, from the pixels which are turned on (white) we usetheir corresponding pixel
colour values for estimatingP (yijx; = 1), and we employ the remaining pixel colour values
for computing P (yijx; = 0).

The conditional probabilities can be estimated either usirg a parametric (like GMM) or
a non-parametric (like histogram) model. In this application we used a Gaussian Mixture
Model as it is considered more robust than the raw colour hisbgram model. In section 5.5
the performance of the GMM model with that of the histogram are compared. A GMM
has the form of:

Py
P (yijxi) = (Kxi)N (yij (kixi); (K;xi)) (5.20)
k=1

whereN (yij (k;x;); ( k;x;)) denotes thek™ 3D Gaussian with mean (k;x;) and covari-
ance (k;x;j). Coecient (k;x;) is the weight which is associated with thek" Gaussian
function. We used the Expectation Maximisation algorithm described in [60][p 430-439]
for estimating the parameters of the Gaussian Mixture Modes. Di erent steps of the
proposed pipeline for estimating the likelihood functionsare shown in gure 5.13. The
grey images shown in gures 5.13(e-f) visualisé (yjjx; =1) over i =1; ;D which are

estimated from the initially detected blobs. Using the clas conditional probabilities, the
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(d) (e) ()
Figure 5.13: a) Detected blobs. b) Binary image constructed from the detected
blobs. c¢) Binary image obtained after closing the binary ima ge of step (b) with a
structuring element equal in size to median blob (in terms of area). Colour values
of the original image which correspond to the white pixels of this binary map are
used for estimating the parameters of the GMM associated wit h the foreground. d)
Remaining pixels which are used for estimating the paramete rs of the GMM of the
background are marked in white. e) Grey image which demonstr ates P(yijx; = 1) for
i=1; ;D i.e. the likelihood of a pixel being labelled as facade. The b righter a pixel
the more probable is to be labelled as \facade". f) Grey image which demonstrates
P(yijxj =0) for i =1; ;D i.e. the likelihood of a pixel being labelled as non-facade.

The brighter a pixel the more probable is to be labelled as \no n-facade".
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data term functions L; (1;y;) and L; (0;y;) are estimated using:

Li(yi;1) = logP (yijxi =1); Li(yi;0)= logP (yijx; = 0) : (5.21)

5.3.2 Smoothness term

The smoothness term which we used is de ned so that it favourghe pixels with similar
colour having the same label. This term should penalise a coguration in which two
neighbouring pixels have dierent labels but at the same time their colour values are
similar. For this we use the same smoothness function as it teabeen proposed in [57] [58]

[61]. This function is de ned as follows:

8
2 kyi ik, 1 ; ) )
exp e if Xj 6 X
Sij (Xi:%)) = ’ ae T e (5.22)
70 it Xi = X

where dist is the distance function between two neighbouring pixels. V& used the Eu-
clidean distance and the 8-neighbourhood system. Variablg; indicates the colour pixel
value which is associated with labelx;. This function penalises for discontinuities between
pixels of similar intensities whenky; yjk < . However, if pixels are very dierent,

kyi yjk> ,then the penalty is less. Intuitively, this function corre sponds to the distri-
bution of noise among neighbouring pixels in an image. The dahors in [57] proposed to
set equal to that of the \camera noise". However, as we do not knowthe camera model
of the images, and as the images are of low noise, a value of= 5 shall be appropriate.

Parameter is a tuning factor which we select subjectively so that it equalises the order

of magnitudes of the smoothness term and the data term.

5.3.3 Graph Cuts for Segmentation

Recently, the Graph Cuts optimisation technique has been usd extensively in various
computer vision applications. It is an optimisation technique which is used for optimising
combinatorial energy functions. In [59] the authors showedhat graph cuts outperforms

other optimisation techniques like simulated annealing aml Iterated Conditional Modes
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(ICM). For describing the basics of this algorithm we use theterminology that pertains
to graph cuts in the context of the segmentation task. An undirected graphG= hV;Ei is
de ned as a set of nodes (verticed/) and a set of undirected edgeskK) that connect these
nodes. An example of a graph that is used for formulating the sgmentation problem is

shown in gure 5.14. Each edgee 2 E in the graph is assigned a nonnegative weight .

Building Terminal Building Terminal

Non-Building Terminal Non-Building Terminal

(a) Graph (b) Cut

Figure 5.14: A simple example of the graph in the context of se gmentation. The
weight of each edge is re ected by the edge's thickness. The t erminal nodes are S and
T. The data terms de ned in section 5.3.1 are assigned to the ed ges which connect the
terminal nodes. These edges are known as t-links in the graph ¢ ut terminology. The
smoothness terms, described in section 5.3.2, are assigned to the other edges which
are known as n-links. Inexpensive edges are attractive choic es for the minimum cost
cut.

There are also two special & and T) nodes called terminals. Ans t cut is a subset of
edgesC E such that the terminals become separated on the induced grapG(C) = hV; Ei.

The cost of a cut is de ned as the sum of the costs of the edges #h it severs:

X
iCj= e (5.23)
e2C

A minimum st cut is a cut with minimum cost. The authors in [59] showed that a ccst
function of the form (5.19) is equivalent to the cost of a cut. Therefore, the minimums t
cut cost is equivalent to minimising the cost function of (5.19).

In our model, the nodes of the graph represent the pixels andhe edges represent the data



5.4 A uni ed module for full image segmentation 113

term and the smoothness term which were described earlier isections 5.3.1 and 5.3.2. A
cut partitions the nodes in the graph. This partitioning cor responds to a segmentation
of an underlying image and it corresponds to a binary image with minimises the Gibbs
energy function de ned in equation (5.19). For computing the minimum cut we used the
max- ow/min-cut algorithm described in [62]. Examples of the binary images lotained

from minimising the cost function de ned in (5.19) and the smoothness term and data

term de ned in the previous sections are shown in gure 5.15.

Figure 5.15: White regions in the binary images correspond t o the facade.

5.4 A unied module for full image segmentation

For estimating a low-level interpretation of the images of kuildings, a unied module
is proposed by employing the previously developed algoritms. For recapitulation the

following image processing tools have been developed:

1. A blob detector based on an attention model which was furtlker enhanced with a
prototype discovery module in order to extract regions whid are more aligned with

the subparts of buildings like windows, chimneys, dormers te.

2. A combination of inpainting and mean shift algorithms was used for extracting
regions with homogeneous colour like sky and ground. The pgose of incorporating

the inpainting algorithm was to construct homogeneous segm@nts using the initially
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detected blobs.

3. A Markov model was developed for segmenting the facade fno the other parts of

the image.

The uni ed module which we used for estimating an almost compete segmentation, is

schematically shown in gure 5.16. In this scheme we rst ideti ed blobs, mean shift

First layer

>
-----
.

Image Second Layer
Facade Detection e e - @
--------------- >
Blob I.D.e.t.e.(':fd!’ O Eird LanS ...... = A low-level interpretation of a building scene
(@D
0 Y
Figure 5.16: Aggregation scheme that we used for estimating a low-level interpretation

of the building scene.

segments and the facade. Next, these regions are overlaid #te top of each other by
considering the mean shift segments in the rst layer, segmeted facade in the second layer
and the identi ed blobs in the third layer. When a layer is overlaid on another, identi ed
pixels which are in common with the two layers are overwritten with the top layer. In
other words, if a pixel belongs both to the segmented facaderal a region identi ed by
the mean shift segmentation, in the nal interpretation, it is part of the facade class if it
is not part of the identi ed blobs. The intuition behind this scheme is that subparts like
window and door are contained in the facade, and the buildings contained in regions like
sky and ground. Examples of the estimated low level interpréation are shown in gure
5.17. For demonstration purposes, in these examples eachgien is labelled by a di erent

colour.

5.5 Experiments

For this experiments, we used 300 images of buildings from # eTRIMS repository (12-

class dataset). Each image was manually segmented into regis that corresponded to
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Figure 5.17: : Low-level interpretation of di erent buildin g scenes. Each detected
region is labelled by a di erent colour.

parts of the building or parts of the environment, such as skyor vegetation. We allow for
the following twelve labels (with respective frequencies)\Facade"(0:0769), \Sky"(0:0587),
\Ground"(0 :0337), \Roof"(0:0355), \Window" (0 :6344), \Vegetation" (0:0387), \Bal-
cony" (0:0382), \Door" (0:0282), \Chimney" (0:0018), \Others" (0:0382), \dormer"
(0:0150), \stairs" (0:0018). The \others" label aggregates annotated regions lik \car"
and \people".

We report the performance of the low level interpretation madule in terms of the true
detection rate. Note that in this section we just report on the performance of the image
segmentation algorithm as we are not classifying the regio& In other words, we would
like to understand what percentage of the manually segment regions are detected by the
proposed segmentation algorithm. A hypothesised region isonsidered as a true detection
if the overlap computed by equation (2.10) is more than 60%. &ble 5.1 shows the results
of the low-level interpretation module in detecting di ere nt parts of a scene. According
to this table, labels \Facade", \Sky", \Window" and \Dormer " are detected better than
the other labels. The worst detected regions are \Stairs", Vegetation" and \Roof".

As we discussed earlier in section 5.3.1, in the MRF formulabn for Facade/Non-facade
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Label \ Number of Regions Detection Rate in %
Facade 350 74.6
Sky 250 85
Ground 220 35.6

Roof 294 25.8
Window 3778 814
Vegetation 308 26.9
Balcony 34 65.0
Door 214 39.7
Chimney 67 43.2
Others 630 33.1
Dormer 44 75.0
Stairs 36 111

Table 5.1: Detection rate in percentage.

segmentation, the data term function can be estimated eithe by using a Gaussian Mixture
Model or the histogram of the colours of the seeds. We evaluatl the performance of the
MRF segmentation algorithm using these two variations. The segmentation accuracy is
measured in terms of theF -measure, which combines the two complementary measures
of precision (fraction of pixels hypothesised as facade thatare annotated as facade) and
recall (fraction of pixels annotated as facade found in the hypothsised facade). The

F -measure is computed using:

2 I isi
E = regq precision (5.24)
precision + recall

The higher the F the better a hypothesised region is aligned with the annota¢d facade.
Results of this experiment are summarised in table 5.2. Acaudling to this table using
GMM for modelling the data term would result in better segmentation.

Precision Recall F-measure
GMM data-term 8065 24 7132 46 737 29
Histogram data-term 82.08 2.6 626 59 683 4.1

Table 5.2: Results in percentage
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5.6 Summary

A uni ed module for interpreting images of buildings was proposed. This module is a
combination of three main components i) Blob Detection, ii) Facade/Non Facade Segmen-
tation and iii) Combination of Inpainting and Mean Shift seg mentation. The performance
of this module was evaluated using the 12-class dataset of &IMS database [27]. In the
next chapter we use the output of the proposed module as an ing for an MRF-based

contextual classi er algorithm.
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Chapter 6

An Asymmetric MRF Model for
Classifying Regions

6.1 Introduction

The previous chapter of this thesis concentrated on the segentation of a building scene
into parts which might be perceptually meaningful. The next step is to label these parts.
The human visual system is able to recognise man made structas, like for example
buildings and their parts, naturally and e ortlessly. Unli ke most natural objects, build-
ing structures are much less consistent in their shapes, colirs, textures and locations of
their parts. This is mainly due to cultural, functional and a esthetic factors in uencing
architecture. So, identi cation of building parts cannot b e done with conventional pattern
recognition methods, i.e. by the use of textural, colour or hape features of segmented
regions and with the help of a good classi er. Instead, it is agued that context should play
a more signi cant role in the task, since most buildings and their parts have common spa-
tial arrangements. For example, facades are located abovén¢ ground and below the sky,
doors are located at the top of stairs and inside the facade,aofs are above the facade etc.
In this chapter, we use contextual information as the core ofour solution to the problem
of building part recognition. A human learns contextual relations and object identities

through life experiences. To learn to recognise objects, aeacher has to point out and
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name the di erent objects to the child. At the early stages of learning, the information
given to the child has to be clear and unambiguous, with good @presentative examples.
To emulate this process, we use a database of hand segmenteddalabelled objects in
order to learn contextual information that pertains to the b uilding scenes. For recognis-
ing di erent parts of a new image, we rst segmented the imageinto meaningful regions
using the procedures described in the previous chapters, @nsubsequently labelled the
segmented regions using the contextual information which hd been learnt in the training
stage, from manually processed images.

A number of contextual models for object recognition have ben proposed in recent years.
We consider here only those that are concerned with modellig peer-to-peer dependen-
cies between objects (as opposed to hierarchical dependées). Several authors explore
Markov Random Fields for probabilistic modelling of local dependencies, e.g. [6, 63{66].
The authors in [66] and [6] de ne a conditional random eld over individual pixels. In [6],
contextual information is incorporated by using the joint b oosting algorithm [6] for learn-
ing potential functions and by employing a novel feature tha captures local dependencies
in appearance. Neither of these pieces of work considers gf@ relationships explicitly,
although the authors in [66] include the absolute position & a site in the proposed po-
tential function as a feature. In this work, rst, we segment an input image into regions
and then label those regions using contextual information.To express contextual informa-
tion, we need an e cient framework that uses spatial and semantic context as the basis
of object recognition. While a number of existing methods shre this objective, we follow
the method proposed in [67] and we create a spatial model of @&otropic con gurations,
which are learnt from a set of training images.

This chapter is structured as follows. Section 6.2 presentthe proposed contextual clas-
si er model which we are going to use for classifying regions Sections 6.2.1 and 6.2.2,
describe the training stage of this model in which a set of ngihbourhood con gurations us-
ing a set of 300 hand-segmented and labelled images are eséitad. Section 6.2.3 presents
the inference stage of the proposed classi er using the leatr neighbourhood con gura-
tions. Section 6.3 demonstrates the performance of the claser using the manually and

automatically segmented images. Finally, we conclude in stion 6.4.
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6.2 Contextual Classi er

The formalism that follows is similar to that in [67]. In this model, each region,i, is
associated with a random variablex; which takes its value from a discrete set of class labels
and a neighbourhood con guration N;. The neighbourhood con guration of a region, N;
comprises the labels and spatial relationships of regiondat are within some radiusr of the
focal region. The probability that label | is assigned to region, given its neighbourhood

con guration, is de ned as:
. 1 ,
P (xj = IjNj;R) = zexp( (Ni;Ry); (6.1)

whereZ is a normalising constant, and' (Nj; R;) is a function which measures the distance
between the neighbourhood con gurationN; and a set of prototypesR with | at their focal
regions. A neighbourhood con guration or simply a con guration, N;, consists of a focal
region with label |, a set of regions which are in the neighbourhood of the focalegion
and the relative spatial relationships of the focal region a&ad its neighbouring regions.
Prototypes are a subset of con gurations which are learnt fom a set manually segmented
and labelled regions. In section 6.2.1 we de ne how to apprdrate a neighbourhood
con guration for a region. In section 6.2.2 we address the psblem of learning prototypes
from a set of con gurations.

In the inference step, we would like to predict the labels of aset of regions (either segmented
automatically or manually) using the learnt prototypes. For this, let us assume that there
is a set ofM regions. The aim of the inference step is to assign labels = x1; X2; TXM
to each region, such that the joint probability P (x1;X2;  ;Xm ) is maximised. The joint
probability is approximated by the product of the condition al probabilities of type (6.1).

In section 6.2.3 this module is described in more detail.
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6.2.1 Neighbourhood Con guration

Two regions are considered as neighbours if they are within distancer from each other.

The distance between two regionsA;B R is expressed as:

X _ kam bk
AnBI= e Pz e (62

where the subscriptm indexes the pixel coordinates of pointsa and b. Variables X and Y
are the width and the height of an image, respectively. The daominator is for normalising
the distance in order to make it invariant to image resolution. After identifying a region's
neighbourhood, spatial relationships between the focal gion and its neighbouring regions
are estimated. In this application, we follow [67] and de ne ve di erent relations between
region pairs. These are: relative vertical orientation, reative horizontal orientation, con-
tainment relation and the ratio of their widths and heights. The procedure for estimating

these relationships is described in the following.

Vertical and Horizontal Relationships: Let p; and p,, be points from a pair of
regions, with subscript ¢ indicating the points which belong to the central (focal) region
and subscript n is indicating the points which belong to the neighbouring regions. First,
angle, i, between vectorp,, p and the reference direction (horizontal axis) is measured.

The degree of aboveness (or belowness) pf with respect to pc is then computed as:
fu (Pniipg) =sin i (6.3)

where f,, represents the vertical relationship of a point pair and re&hes its maximum

when p, is exactly above pointpc. For the horizontal relationship, we de ne:
fn (Pn;;Pg) =COS : (6.4)

Thus, to represent the vertical and horizontal relations bdween two regions, the average

. ) ) P P )
over point-wise membership valuesfy, = & X, fy andfy = & I, fp, is computed.

To be computationally e cient, N points, pr;, and py,, within the respective regions are
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chosen, randomly.

Containment Relationships: To express whether regionA includes region B, the

following function is used:

far(AB) =

8
% 1 if region A contains regionB
E +1 if region B contains regionA (6.5)

0 otherwise

Function f, is set to zero when the relationships of the two regions are rither \contains"

nor \contained in".

Width and Height Relationships: The width ratio is estimated as the ratio between
the width of region A and that of region B. Similarly, the height ratio is approximated
as the ratio between the height of regionA and that of region B. The width ratio is

formulated as: 8

f (A B ) _ 2 1 Wa =WR if Wg =Wa 1 (6 6)
Wr 1] - .
z wg=wp 1 otherwise

where w represents the width of a region's bounding box. The formul&on is intended to
make the values of the width ratio fall in the range [ 1;1]. Similarly, the height ratio, fp,,
can be formulated by replacingw with h that represents the height of a region's bounding
box.

A neighbourhood con guration, N;, consists of the label of the focal region, the labels of the
neighbours and the spatial relationships between the focalegion and its neighbouring re-
gions, i.e. fyr;fhnr;fer;fwr;fhr. In our implementation, the neighbourhood con gurations
are encoded by 6 F matrices with F being the number of regions within a neighbour-
hood. Each column of this matrix is associated with one of theneighbouring regions and
it encodes the region's label (1 component) and its spatial élationships (5 components)

with respect to the focal region.
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6.2.2 Prototype Discovery:

In this section the aim is to identify for each region label a snall set of typical neighbour-
hood con gurations, i.e. prototypes A prototype, R), is a neighbourhood con guration
with label | at its focal region. In order to identify the prototypes, the set of con gura-
tions, which have been extracted from themanually annotated images, are rst partitioned
according to the label of their focal regions and subsequelyt each partition is clustered
using the k-medoids algorithm. This clustering algorithm is based on the pair-wise dis-
tances between the con gurations' respective matrix repreentations as described below.

Let us consider the two matricesA and B shown in gure 6.1, which are associated with

Configuration A Configuration B

Focal Region: Window Focal Region: Window
Label Door | Fac Win Label Win Fac Win Win
Vertical -0.9 0.9 -0.6 Vertical 0.7 0.9 -0.9 0.5
Horizontal 0.1 0.3 -0.8 Horizontal -0.7 -0.1 0.1 0.86
Containment| 0 1 0 Containment| 0 1 0 0
Width Ratio 0.9 0.2 1 Width Ratio 0.7 0.01 0.9 1
Height Ratio | 0.8 0.1 1 Height Ratio | 0.8 0.02 1 1
Figure 6.1: : An example of two dierent con gurations. For es timating the dis-
tance between these two con gurations we use the 1 metric of the columns which are

highlighted with the same colour.

two con gurations with label Window at their focal region. For estimating the distance
betweenA and B, i.e. distcont (A; B), for each column of con guration A, we rst deter-
mine all those columns of con guration B that bear the same label (highlighted with the
same colour in gure 6.1). Next, the I; metric of the columns with the same label are
computed, and consider the distance of the closest region dke best match to the region
of con guration A and add the distance to the overall cost. If con guration B does not
have any region of the same label as any of the neighbouss (like label Door), a xed cost
is applied to penalise label discrepancies. This is repeatefor all other regions (columns)
of con guration A. This measure re ects di erences in the labels as well as dierences in

the geometry and topology of regions carrying the same label
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In order to have a symmetric measure, we take the average oflistcont (A;B) and
distcont (B;A) as the distance between the two con gurations, i.e. D(A;B) =
(distcont (A;B) + disteont (B;A)) =2. To assess whetherD (A;B) is a metric or not,
we considered several triplets of various con gurationsA, B and C and checked how
D(A;B)+ D(B;C) compares with D(A;C). For D(A;B) to be a metric, the triangle
inequality has to be obeyed. In gure 6.2D(A;B)+ D(B;C) is plotted versus D (A; C) for
1000 triplets of con gurations of various sizes. In this exgeriment the triangle inequality
is obeyed in 91% of the triplets. According to this, the propased distance measure is a
reasonably good pseudometric.

In the next step we use the proposed distance measure (dissilarity measure) and the

1507 - -

D(A,B)+D(B,C)
S

O _-‘.e oowd, "t . ‘ ‘
0 50 100 150
D(A,C)
Figure 6.2: Result of investigating the triangle inequalit y of the proposed measure for

computing the distance between two con gurations.

k  medoids algorithm for clustering the con gurations. Similar to k-means this algo-
rithm is a partitioner algorithm (breaking up the dataset in to groups) and it attempts
to minimise the square error. In contrast to the k-means k-medoids chooses data-points
as centres (medoids or exemplars) as opposed to numerical erages. The reason that
we chosek-medoids as the clustering algorithm is that the k-means algorithm is based

on the use of squared Euclidean distance as the measure of siimilarity between a data
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point and a prototype vector. This assumption is not true in this application case, where
a non-Euclidean dissimilarity measure for clustering the ctaset is used. Thek-medoids

algorithm is applied as follows.

1. Initialisation: randomly select k of the n con gurations as the medoids

2. Associate each con guration in the dataset to the closesimedoid (\closest" here
is de ned using the proposed pseudo metric for measuring thalistance between

neighbourhood con gurations.)

3. For each medoidm:
For each non-medoid con guration c:

Swapm and ¢ and compute the total energy of the clustering, which is estinated as:

XX
Energy = D (g;mj); (6.7)

i=1 j2classi
where i and j are the indices which are associated with the con gurationsand
medoids, respectively. FunctionD is the distance measure for estimating the dis-

similarity between the neighbourhood con gurations, as described earlier.
4. Select the clustering with the lowest energy.

5. Repeat steps 2 to 5 until there is no change in the medoids.

Like k-means the nal solution of k-medoids depends on the initialisation. To assess the
stability of the solution, we run the algorithm several times and compared the energy
before and after convergence. As gure 6.3 indicates, the ecwerged energy function of
(6.7), remains within narrow bounds and suggests that the nal solutions come close to the
global optimum. After applying the k-medoids algorithm to a set of neighbourhood con-
gurations, the centroids are considered as the prototypes One example of an estimated
prototype is shown in gure 6.4. For a training set in which a region may be assigned to
N possible classes, a s€® of sizeN Kk prototypes is estimated. In this setk prototypes

are associated with each of the classes at the focal region.
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Figure 6.3: : Energy function before (top) and after (bottom ) applying the  k-medoids
algorithm using di erent initialisations. As it can be seen, the converged energy

remains within a narrow bound.

Prototype R
Focal Region Window

Label Door Fac Win | Others
Vertical -0.9 0.9 -0.6 0.3
Horizontal 0.1 0.3 -0.8 0.9
Containment| O 1 0 1
Width Ratio 0.9 0.2 1 0.9
Height Ratio | 0.8 0.1 1 0.2

Figure 6.4: Example of an estimated prototype.
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6.2.3 Inference

In contrast to the works presented in [68] and [67], in which he authors assumed that
the scene has been segmented manually into regions such thaach region corresponds
to an object, in this implementation, the image is rst segmented automatically, using
the technique which was presented in the previous chaptersThis combination will yield
a full interpretation module with a raw image as an input and a number of classi ed
regions as the output. For labelling a set ofM regions, the regions are rst indexed
fromi=1; ;M and subsequently they are labelled randomly by the class ladls. For
initialisation we randomly select labels using a uniform dstribution. Next, the labels
of the regions are updated using the simulated annealing atgithm. This algorithm is

implemented according to the following steps.

1. In order to iteratively update regions based on the currem labelling of their neigh-
bourhood, we rst partition the set of regions into a set of codings. A coding consti-
tutes a partitioning of the set of regions so that no neighbouing regions belong to
the same partition. We use thegreedy colouringstrategy as it is used in [68]. In this
scheme regions are considered as vertices of a graph. If twegions are neighbours
of each other, there is an edge between them. The aim is to pdtion the set of
vertices (=regions) so that no two adjacent vertices (=neighbouring regions) belong
to the same patrtition. Because of the assumption of Markoviaity (equation (6.1)),
the likelihood over vertices of the same colour reduces to # product of the respec-
tive conditional probabilities. In the greedy colouring strategy, vertices are visited
in order of decreasing vertex degree (i.e. number of neighlbios). Each vertex is
assigned the rst possible colour from a list of colours. Oneexample of a colouring

is shown in gure 6.5.
2. For each codingG:
3. Consider the neighbourhood con gurations of the coding:

4. Update the label of a region by retrieving and sampling fron the probability distri-

bution corresponding to the regions current neighbourhoodcon guration. In other
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2
1
2
2
3
3
Figure 6.5: An example of a coding. Vertices with the same numb er have non-
overlapping neighbourhoods.
words:
xM P (xijN{";R) (6.8)

where the probability distribution, P x;jN;"; Rxn is estimated using (6.1). In equa-

tion (6.1) function ' (N;;R)) is chosen to be:
(Ni;R)) = min, D (Ni;R) (6.9)

where D (Nj; R)) is the distance between the neighbourhood con gurationN; and
a prototype R. In other words, we have constructed a database of prototypg one
for each possible label of the focal region. We consider theeighbourhood of the
region which we wish to label. For each possible label of theotal region, we nd
the shortest distance between the neighbourhood of the regn in question and the
various possible neighbourhoods that have been identi eddr the particular label.

Having now a value of function' (N;i;R,) for every |, we can draw a label for the

region in question according to probability (6.1). To do that, we rst compute:

exp( s' (Ni;Ry) |
2 exp( s' (Ni;Ry)’

P(xi=IjN;R) P (6.10)

where is the set of all possible labels. Parameters is a scaling factor and
is approximated from the distribution over the distances bdween con gurations

and prototypes (gure 6.6), using s = 1=mean(D (N ;R)). For drawing a ran-
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D(Ni,R)
Figure 6.6: Histogram of the distances between con guratio ns and prototypes.

dom variable from P (xj = IjN;;R), we rst produce the cumulative distribution of

P (x; = IjNj; R)) using:

F (xi = liNi;R) P (xi = tjNi;R) (6.11)
t=1

wheret indexes the labels. Figure 6.7 shows an example & (x; = IjN;; R|) and the
cumulative function associated with it. From the cumulativ e distribution we draw a
look up table as shown in 4. Then we draw a random value unifordy distributed in
the range of [Q 1]. The range in which the random number falls identi es the label

we assign to regionx;.

5. After a new label is drawn for the region in question, the félowing pseudo-likelihood
function is computed for the old and the new label proposed fothis region:

2 31

1 X Y _ jsj
P(xuxz ixm) - iGi4 P (xijNi;R)S (6.12)
j i2C;

where G is the set of regions which are in the same coding. This pseuedikelihood
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bution over Class Indices
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Class Indices

Figure 6.7: An example of a probability density function over
the cumulative density function associated with it (bottom

7

8 9 10 11 12

index | label Fi F o4t Range

1 Facade 0.088 0{0.088

2 Chimney 0.081 0.088{0.170
3 Door 0.072 0.170{0.243
4 Dormer 0.082 0.243{0.325
5 Roof 0.098 0.325{0.424
6 Stairs 0.075 0.424{0.499
7 Sky 0.103 0.499{0.602
8 Vegetation 0.089 0.602{0.692
9 Ground 0.081 0.692{0.773
10 Balcony 0.079 0.773{0.852
11 Window 0.072 0.852{0.925
12 Others 0.074 0.925{1.0

label indices (top) and
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function is de ned in [67] and it is used as the criterion in the relaxation proce-
dure. It is actually the function which is aimed to be maximised using the simulated
annealing technique. The product that appears on the righthand side of equa-
tion (6.12) is over all nodes of a single colouring of the grap. As these nodes have
non-overlapping neighbourhoods, their conditional probdilities are independent and
when multiplied they produce the joint probability density function of the combi-
nation of labels assigned to this colouring. For each coloumg of the graph there is
a di erent such joint probability density function of its co mbination of labels. As
each colouringj of the graph may contain a di erent number of nodes (denoted ly
iGi), eachQ i2G, P (xijNj; R) is the product of jG ] factors and in order to remove the
dependence thgGj root of it is taken. Then the sum of all of the partial likeliho od

terms is weighted by the fraction of nodes, i.e.jJGj=N, each represents.

6. Let us de ne:

U (X1 X2, 5Xm) INP (X1;X2;  ;Xm): (6.13)
Let us also callUgq the value of U (x1; X2; ;XM ) When the old label of the region
is kept and Upey the value of U (x1;X2; ;XM ) when the new label of the region is

considered. Hence, the ratio of the two likelihoods is:

exp ( Unew)

exp( U0|d) = eXp( (UneW UOld)) (614)

To allow control over the resolution of the con guration space, a parameterT is

introduced and subsequently functionq is de ned as follows:

(Unew Uold)
T

q exp (6.15)

Figure 6.8 shows the histogram of the values dfJpeww  Ugig fOr various con gurations,
at the rst iteration step, and with the help of some pilot run s. From the order
of magnitude of these values, we select as a starting valugy 0:002. Subsequent
values ofT, in iteration steps labelled by n, are given byT, = T , 1, where =0:95.

If g>1,i.e. Upew < Ugg so the new label of the region is increasing the pseudo-
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Figure 6.8: Histogram of the values of Unew Ugg Which is obtained from a pilot run.

likelihood function of equation (6.12), the new label is acepted. If Unew > Uqyq,

i.e. g < 1, a random number,r, uniformly distributed in the range [0;1] is drawn.

If r < g then the new label of the region is accepted. In this optimisdon process
as T (known as temperature) decreases in consecutive iteratiothe probability of

accepting a new label which lowers the pseudo-likelihood fiction is decreased. For
instance, in the rst iteration, if an update makes Unew  Ugg = 0:001, then the
probability of accepting the update is equal to exp( 0:5) 0:6. However, in iteration

n = 10 the temperature would be equal toT = 0:002 0:95° 0:001. Therefore,
g = 0:43 and the probability of accepting an update which decrease the pseudo-
likelihood function is also decreased.

Note that after we consider all focal regions of one image caoug, we proceed to
consider the next coding, with the labels of the focal regioa of the previously visited
codings updated. When all codings have been considered, oiteration has been
completed and the value of the temperature is reduced. This mcedure is then

repeated for a number of iterations.
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Figure 6.9 shows the values oP (x1;X2; ;Xm ) for one of the images, as a function of

the iteration number. After applying the simulated annealing algorithm, a realisation of

0.86

0.84r 1

0.821 1

o
®
L

Pseudo-Likelihood Function
o
\‘
(o]

0.76; 1
0.74 i
0.72 1
07 L L L L L
0 25 50 75 100 125 150
Iteration
Figure 6.9: Dynamic of the pseudo-likelihood function, P(X1;X2;  ;Xm), in dierent

iterations of simulated annealing.

the labels of the regions is obtained. Figures 6.10 and 6.1hew some results which were

obtained by the proposed interpretation pipeline.

6.3 Experiments

For testing the accuracy of the classi er and the proposed poeline, we used 350 images of
the 12-class database of the eTRIMS repository [27]. The imges were manually segmented
into regions that corresponded to parts of the building or pats of the environment, such
as sky or vegetation. For training we used 300 images selecteandomly and for testing we
used the remaining 50 images. We evaluated the performancd the classi er using both
the manually segmented regions and the automatically segnmed regions as its input. We
report on the performance of these two variations both in tems of classi cation accuracy

(the proportion of regions that have been labelled correcf) and the confusion matrices.
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(@) (b) (c)

Figure 6.10: (a) Original Images (b) Automatically segmente d images using the
method described in the previous chapter (c) Labels which ar e estimated by the
MRF based classi er. Each colour is an indication of one of th e 12 class labels which

we have used in our implementation.
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@) (b) ()

d images using the
e estimated by the
e 12 class labels which

Figure 6.11: (a) Original Images (b) Automatically segmente
method described in the previous chapter (c) Labels which ar
MRF based classi er. Each colour is an indication of one of th
we have used in our implementation.
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Manually segmented regions as input to the MRF based classi er: The confu-
sion matrix which was estimated after classifying the regios which have been manually

segmented is shown in Table 6.1. In this approach 1722 regismout of 2794 regions were

Fac Chi Doo Dor Roo Sta Sky Veg Gro Balc Win Oth | Accuracy
Facade 167 1 10 2 0 0 1 18 10 2 8 11 0.72
Chimney 0 20 1 1 0 0 2 10 0 0 0 0| 0.58
Door 1 0 41 0 0 7 0 6 4 1 10 3| 0.56
Dormer 0 12 1 21 2 1 0 2 2 0 3 0| 0.46
Roof 0 12 0 1 41 0 26 6 1 0 2 2| 0.46
Stairs 0 0 1 0 0 11 0 2 4 0 0 0]0.64
Sky 0 0 0 0 3 0 42 5 1 1 1 1|0.77
Vegetation | 9 5 16 3 6 12 4 26 15 13 8 11 0.21
Ground 0 0 1 0 0 17 0 9 65 0 1 9] 0.63
Balcony 1 2 8 12 33 1 2 7 9 193 38 5| 0.62
Window 0O 104 117 106 18 13 8 73 70 22 1057 9 0.66
Others 0 0 4 0 0 32 0 11 27 0 0 38 0.33
Table 6.1: Confusion matrix which was obtained by the manual ly segmented regions

as the input to the MRF based classi er.

labelled correctly (accuracy equal to 0.6163). Also the cdiusion matrix reveals that the
greatest accuracy, is achieved for regions with labels \Feade" and \Sky". This may be
explained by the discriminative spatial relationships that these regions have with other
parts of the scene. Whilst, regions with labels \Vegetatiorf and \Others" achieved the
worst accuracy, which is because of their non-discriminatie spatial relationships. Regions
with label \Window" and \Door" are most frequently mistaken for each other (117 times)
which may be because they are described by the very similar sgial relationships that

these regions have with other building parts.

Automatically segmented regions as input to the MRF based classi er.  Prior
to constructing the confusion matrix of this approach the true label of the automatically
segmented regions need to be decided. For this we used the maaily segmented regions
and the majority vote rule for estimating the true labels of the automatically segmented
regions. If an automatically segmented region overlaps wit two di erent manually anno-
tated regions, its true label is chosen to be the label of the region with more pixelsniside

the automatically identi ed region. The confusion matrix t hat was computed using the
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automatically segmented regions as input to the contextualclassi er, is shown in Table
6.2. In this approach 908 regions out of 2914 regions are lalbed correctly (accuracy equal
to 0.3143). This shows the sensitivity of the proposed contetual classi er on the accuracy

of the segmentation.

Fac Chi Doo Dor Roo Sta Sky Veg Gro Balc Win Oth
Facade 8 29 100 35 38 50 20 87 131 62 215 136
Chimney 0 3 0 1 0 0 0 2 0 1 0 0
Door 1 0 4 1 3 5 0 3 4 2 8 5
Dormer 0 0 0 0 0 0 0 0 0 0 0 0
Roof 4 15 0 12 32 0 7 10 2 0 14 0
Stairs 0 0 0 0 0 1 0 1 0 0 0 2
Sky 2 4 0 1 12 0 42 5 5 1 11 0
Vegetation | 11 21 15 22 16 13 13 37 28 10 57 41
Ground 1 0 2 0 0 9 0 11 76 2 5 17
Balcony 1 3 13 17 10 4 0 15 8 24 58 7
Window 19 31 74 27 6 13 4 43 48 22 562 45
Others 1 0 11 0 0 23 1 21 87 7 38 41
Table 6.2: Confusion matrix which was obtained by the automa tically segmented
regions as the input to the MRF based classi er.
MRF based classi er with hon-random initialisation: As it was mentioned earlier,

in the optimisation process of simulated annealing, the lakels of the regions were initialised
randomly. We also conducted an experiment where the regionsere rst labelled based
on topological and geometrical rules and a decision tree ctai er. For a start, the region
identi ed by the facade detection algorithm of section 5.3 was assigned the label \Facade".
Any detected blob in the bottom third of the image was given the label \Door". All
other blobs were given the label \Window". For the regions identi ed by the mean shift
algorithm we used the decision tree shown in gure 6.12. In tlis decision tree a region
that was identi ed by the mean shift algorithm and touches th e top border of the image
was given label \Sky". If it was touching the bottom border of the image it was given the
label \Ground". Regions touching the left or right border of the image and identi ed by
the mean shift algorithm were given the label \Vegetation". Other small regions at the

bottom half of the image were given the label \Others", while the largest yet unlabelled
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Yes
Top Half No

Touch | _Yes

Border
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Border
Ye No

Border
heigh
Border No >1| [_Height —l<1

Yes
| Sky | |Vegetatior|| Dormer| | Chimney| | Ground | |Vegetatiolw
Figure 6.12: The decision tree for classifying the regions e xtracted by the mean shift

algorithm using topological information.

Classier Accuracy

Topo 0:39 0:03
Random+MRF | 0:31 0:05
Topo+MRF 0:42 0:.04

Table 6.3: Accuracy of di erent classi ers.

region at the top half of the image was given the label \Roof". All other smaller regions
in the top half of the image were given the label \Chimney" if their height was larger than
their width and \Dormer" otherwise. The accuracy of dieren t classi ers (Topological
classi er (Topo), MRF based Classi er with random initiali sation (Random+MRF) and
MRF based Classi er using the Topological classi er for initialisation (Topo+MRF)) are

listed in table 6.3. This table shows that the non-random iniialisation improves the
performance of the contextual classier and also the contetual classier improves the
accuracy of the topological based classi er. The confusiomatrix of the classi er based
on the combination of the topological classi er and the conextual classi er is shown in
table 6.4. In this table the greatest improvement in comparson with table 6.2 was in

detecting the label \Facade".

6.4 Conclusion

A fully automated interpretation module for images of building scenes was proposed. The
input to this module is a raw image and the output is a number ofclassi ed regions. The

proposed algorithm is a combination of a low level interpreation module, which segments
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Fac Chi Doo Dor Roo Sta Sky Veg Gro Balc Win Oth
Facade |226 19 52 15 35 29 10 79 128 62 215 129
Chimney 0 3 0 1 0 0 0 2 0 1 0 0
Door 1 0 4 1 3 11 0 3 4 2 2 5
Dormer 0 0 0 0 0 0 0 0 0 0 0 0
Roof 4 15 0 6 42 0 7 10 2 0 10 0
Stairs 0 0 0 0 0 1 0 1 0 0 0 2
Sky 1 3 0 1 3 0 64 1 2 1 7 0
Vegetation | 11 21 15 13 16 11 13 75 28 10 29 41
Ground 1 0 2 0 0 9 0 11 76 2 5 17
Balcony 1 2 1 10 10 4 0 15 8 21 75 6
Window 10 31 64 27 6 10 4 40 40 19 603 41
Others 1 0 11 0 0 14 1 21 70 7 20 84

tically segmented
assi er and the MRF

Table 6.4: Confusion matrix which was obtained by the automa
regions as the input to the combination of the topological cl
based classi er.

the image into meaningful regions, and a high level interpreation module which classi es
the regions using contextual information. The context of a region in this model consists
not only the identity of neighbouring regions but also their spatial and topological relation-
ships. These relationships are typically asymmetric, theefore, in contrast to conventional
MRF models it is di cult to de ne clique potentials. The mode | is, therefore, formulated
in terms of conditional distributions and a set of prototypes that are learnt from a set of
manually segmented building images, rather than in terms ofa Gibbs distribution.

Given a new scene, the image is rst automatically segmentedhto potentially meaningful
regions using the algorithm described in the previous chamr. Next, an MRF model was
de ned over the segmented regions, and subsequently the MRWwas relaxed by iteratively
sampling from the conditional probabilities which were estmated from the learnt proto-
types. An objective function is used to help us identify goodlabelling solutions.

We compared the performance of the classi er using both the ranually segmented regions
and the automatically segmented regions as its input. Expeéments showed that the con-
textual classi er performs better when the manually segmeited regions are used as its
input. This implies the sensitivity of the contextual classi er to the accuracy of the ini-
tial segmentation. Furthermore, another experiment showe that the contextual classi er

improves the performance of a simple topological based clsiser.
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For improving the accuracy of the proposed interpretation module, not only the low-level
image processing technique for segmentation should be impved, so that the automati-
cally segmented regions be more aligned with the manually ggnented regions, but also the
classi er should become more robust to inaccurate segment@ns. Ideally, segmentation
and labelling should be integrated in a system with feedbaclkoops, like for example the

system proposed in [12].
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Chapter 7

Summary and Future Work

The objective of this thesis was to develop a bottom-up systa for interpreting images
of buildings. For this we designed a three-layer (schematally shown in gure 7.1) in-
terpretation system which in the lowest level it rst identi es meaningful regions which
are salient in gradient, using the so called blob detector ajorithm. After identifying the
blobs, in the second layer, we utilised algorithms for segneing and detecting higher order
structures (aggregates) within the image such as repeatedatterns, the building facade,
and other parts of the environment like sky and ground. The reeated patterns were
detected by a prototype discovery algorithm which we also utlised for retrieving missing
subparts, in a process of hypothesis generation and veri dion. In the same layer, we
segmented the facade, using a maximum a posteriori Markov Radom Field (MAP-MRF)
inference model. For this technique, we made use of the infaration which pertains to the
blobs in order to estimate the likelihood functions. We alsosegmented other environment
regions, like sky, vegetation and ground using a combinatio of an inpainting and mean
shift algorithms. Finally, in the second layer of interpretation, we constructed a uni ed
map which was utilised for the high level interpretation where classi cation takes place.
The classi cation scheme in this system, was based on a conteual classi er algorithm.
The reason that we used the contextual classi er in this schene was because of inconsis-
tency in the low-level features of the buildings and their pats. In the following sections

we summarise the results which were obtained in each of the elpters of this thesis.
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Classifying Regions High Level Interpretation
A
Detecting Aggregates -|
Low Level Interpretation

A

Blob Detetection

Figure 7.1: A block diagram which demonstrates an overview o f the proposed
\bottom-up" interpretation system.

7.1 Blob Detection

In Chapter 2 we presented a blob detection algorithm for extacting regions of interest
which can be used for extracting regions that will be analysd further when interpret-

ing man-made scenes. The proposed algorithm consists of twmain parts which were
1) Constructing a gradient map based on a combination of edgereserving smoothing
and Gaussian based kernels and 2) an image processing algbm based on threshold-
ing, morphological operators and connected component angsis for extracting blobs. The
results of this section showed that more than 60% of the subp#s of buildings such as
window, dormer, door, chimney etc which were annotated manally could be detected by

the proposed algorithm.

7.2 Blob Detection versus Eye Gaze

In Chapter 3 we conducted an eye-tracking experiment for inestigating the correlation
between the detected blobs and the regions which drive the #&ntion of the viewers.
We were able to show that the detected blobs correlate in a stastically signi cant way

with the regions that are created by binarising gaze maps oldined by the eye tracking
experiment. We also showed that the most prominent gaze regns correlate well with
the regions produced by the ltti et.al saliency model [13] ad by the blob detector, while

regions which are less gaze intensive correlate more with dibs.
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7.3 Prototype Discovery, Hypothesis Generation and Veri-

cation

In chapter 4 we proposed an algorithm for extracting repeate structures like windows,
dormer, balcony etc in an image of a building. We devised a nevsimilarity measure
based on the Singular Value Decomposition for the process diypothesis veri cation,

where we were interested in comparing the overall appearaecof images rather than de-
tailed structures. Experiments showed that the proposed shilarity measure outperforms
other conventional similarity measures like correlation ®e cient, mutual information and

eigenconjugation in our application. Furthermore, the module proposed in this chapter
improved the performance of the blob detector in identifying the subparts of buildings

noticeably.

7.4 Low-level Interpretation of Building

Having extracted the blobs and the post-processing methoddescribed in chapters 2 and
4, in chapter 5 we utilised two di erent image segmentation methods for segmenting the
facade and other parts of the environment such as sky and growd. Extracting and seg-
menting these regions is essential for the interpretation mdel as in Chapter 6 we used a
contextual classi er for classifying the regions. We rst used a combination of an inpaint-
ing algorithm and mean shift for segmenting coherent regios. The inpainting algorithm
was incorporated in the segmentation for constructing homgeneous regions, i.e. for re-
placing the pixels which belonged to a blob, say a window or dor, with its surrounding,
say wall.

For segmenting the facade we used a MAP-MFR inference modelWe showed that this
model could be transformed into an energy minimisation proltem, with the energy con-
sisting of two terms: 1) A data term which was approximated by the colour information
extracted from the blobs and 2) a smoothness term which was naelled by the gradient
of the image. Subsequently, the energy function was minimid using the graph cuts opti-

misation technique. Binary con guration which corresponds to the minimised energy was
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considered as the segmented facade.

Finally, in chapter 5 we constructed a uni ed map from the regions which were detected,
in order to construct a low-level interpretation. For this, di erent detected regions were
overlaid into di erent layers, with the regions segmented by the mean shift algorithm be-

ing at the lowest layer and the detected blobs at the highestdyer. We then compared the
performance of the proposed low-level interpretation sysgm with the manually annotated

images of buildings.

7.5 High-Level Interpretation of Buildings using a Contex-

tual Classi er

In chapter 6 we presented a Markov random eld model (over regpns rather than pixels) for
contextual labelling of objects in structured scenes. Thentuition behind this contextual
classi er model was that when humans view a scene, they rst V¥ew it as a whole before
focusing on particular details that merit further interpre tation. In other words, the context
of the scene is perceived earlier than details of particulapbjects. In our view, a pattern
recognition model, which is independent of the unary featues of object classes, should be
used for labelling di erent parts of a building scene, as bulidings and their subparts are
not consistent in shape, colour, texture and other unary fetures.

In this model, the context of a region consists not only of theidentity of neighbouring
regions but also, crucially, on their relative spatial and topological relationships. In the
training stage of this model, a number of typical neighbourtood con gurations (known as
prototypes) are approximated using a set of manually annotéed images of buildings and
a clustering algorithm.

Given a new scene, the image is rst segmented into its meangful parts using the low-level
interpretation model devised in chapter 5. Next, a Markov random eld was de ned over
the segmented regions and each region was labelled randomIlyhe Markov random eld
was relaxed by iteratively sampling from conditional probability distributions which were
derived using the neighbourhood con guration of a region aul the prototypes which were

learnt from the manually annotated images. An objective furction was de ned to help us
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identify good labelling solutions. The objective function is based on the vertex colouring
of the region neighbourhood graph and is not the global costunction usually associated
with Gibbsian MRFs. This is because no such global cost funébn could be de ned, given
that the MRF model could not be expressed in terms of Gibbs pogéntials [68]. So, only a
pseudo-likelihood function could be de ned. We further evduated the performance of this
contextual classi er using manually segmented as well as gaomatically segmented regions
as input. Experiments showed the sensitivity of this classier to the quality of the initial

segmentation of the image.

7.6 Outlook and Future Work

| found several challenges in interpreting images of buildigs. The rst and foremost part
of a computer vision interpretation system is segmenting anmage into meaningful regions.
However, as the experiments showed the accuracy of a low-leisegmentation is far from
the manually segmented images. Because of this, some resgars in computer vision are
trying to bypass the need of a good segmentation in interprahg images as they believe
that an accurate segmentation can not be achieved automatlly.

Di culties in this area could be explained by various reasons such as variable illumination,
occlusion, noise, clutter, camou age etc. Although, thereare some works for making
segmentation less sensitive to some of these factors, in myew, designing a general purpose
and robust bottom-up segmentation tool is not achievable. Ibelieve that the use of prior
knowledge and top-down information in the task of segmentaibn is necessary.

In the context of labelling di erent parts of the scene (higher level interpretation module
), as it was showed through out this thesis, the accuracy of alassier is dependant on
the low-level information (features), i.e. the better the low-level features, the more the
accuracy of a classi er.

This implies that the problem of interpretation in vision is a chicken and the egg problem.
In future, | would like to focus on devising an interpretation module which makes the ow
of information between the low-level tasks and high-level asks bi-directional. In other

words, the segmentation parameters being tuned by the highevel information and vice-
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versa. Such a system may also be more similar to the human vish where low-level and
high-level knowledge control the performance of each other

For improving the current system | am in the process of incorpoating unary features
in the classication. For a start, conventional contextual classiers start from unary
measurements and used them to assign preliminary labels tohe regions. Then they use
context to re ne this label assignment [69]. As | have arguedelsewhere in this thesis,
this approach was not appropriate for my problem, because othe diversity of the unary
attributes of the regions that | had to label. This led to the d evelopment of the contextual
classi er. However, putting context rst, does not exclude the subsequent re nement of the
labels by using unary attributes. Having considered the unay attributes as inappropriate
and just now argued for their incorporation, may at rst appe ar contradictory. This may
not be the case, however, if the unary attributes are dynamici.e. extracted from video
sequences indicating the functionality of the component. Br example, a ground level glass
door and a ground level shop window may be (mis)labelled by auext as \door" or as
\window". The only way to disambiguate the two is to observe them over a period of time

and work out that one of the two is used for people to get in and at of the building.
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Appendix A

Adaptive Thresholding

In addition to global thresholding, we implemented and exanined an adaptive threshold-
ing technique proposed in [28]. Various adaptive technique have been proposed in the
literature. A simple adaptive technique is to t the grey-va lues by a low order polyno-
mial [70]. A more complicated method is to create a thresholdsurface so that di erent
thresholds may be used for di erent pixels in the image [71]. In this method, rst the
image is divided into a regular grid of non-overlapping subegions and a threshold is as-
signed to the centre of each subregion. Then the threshold sface is interpolated from
these local threshold values. In another approach [72], gdient or edge information is used
to segment the images. The authors of [72] assumed that an ifnidual object had a xed
threshold with respect to the background, but di erent obje cts might have had di erent
thresholds. In [72], various grey-level thresholds were ted to segment the image and the
segmented objects were validated by using the gradient vaks along their boundaries.

In [73], the authors suggested the use of the grey-level vadis at high gradient places as
known data to interpolate the threshold surface. First, the grey-level gradient magnitude
of the image was computed. Next, thresholding and a thinningalgorithm were applied to
the gradient magnitude in order to identify the points with h igh gradient magnitude. The
grey-values of these points were used for estimating a thréslding surface. A smoothness
constraint was imposed by assuming that the Laplacian of thesurface at each point should

be equal to 0 and the thresholding surface was estimated itatively. In [28], the authors
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were inspired from the work of [73]. However, they formulatel the problem of the estima-
tion of the thresholding surface so that there was no need tolwose a gradient magnitude
threshold and apply a thinning algorithm. They proposed a vaiational formulation * for
estimating the adaptive surface. Here, the adaptive thresblding technique which we use
is based on the variational formulation of [28]. A brief ovewiew of this method follows.
Let | (x;y) be an image which is to be segmented by thresholdingG(x;y) is the normalised

gradient magnitude of | (x;y):

r 1 (xy)j
G(x;y) = - - A.l
bey) maxyy (it 1 (X;y)J) (A
T(x;y) is the adaptive threshold we seek in order to binarise the image, i.e.:
8
2 L it 1(xy) >T(xy)
L(xy) = 5 (A.2)

T0 ifl(xy)  T(xy)

T(x;y) and | (x;y) are two dimensional surfaces anat = f(x;y) jl (x;y) = T(x;y)g are the
points where the two surfaces intersect. ldeally these pois should be where the object
boundaries are. In order to estimate the thresholding surfae, authors in [28], proposed

to use the following iterative procedure:

!
Tyt =T+ 2 (A.3)

where ij = Tij 1+ Tij+r + Tivrj + Ti 15 4Ty % and ! is known as the over-
relaxation parameter with 1 <! < 2. By this range of! the convergence of the iterative

procedure is guaranteed [28]. Parameter may be considered as the tuning parameter.

Lvariational formulation in optimisation problems has as ob jective to nd a function which maximises
or minimises the objective function. This is di erent fromt he mathematical optimisation process in which
the objective is to identify the point where the objective fu nction is maximised or minimised.
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£ is obtained according to the following formula:

8
?fxn + P (1,8 Tand (1,6 Ty)

Fx if (Iy = Ty)
; N PR y y (A4)
o if (Ix = Tx)
where F is given by: 8
2 G(x;y);, if(xy)2c
F(xy)= 3 (A.5)
0 elsewhere

The initial threshold surface is considered to be the surfae of the grey level of the input
map, Sso % = 0 to begin with. Therefore in the rst iteration, equation ( A.3) acts as a
smoothing Iter which lets the threshold surface become smber than the original map at

some places. Then in the second iteratior# begins to take part in the deforming process
of the threshold surface. Results of applying the adaptive liresholding technique to some

example images are shown in gure A.1.

Figure A.1: Input interest maps and the binary images after ap plying adaptive thresh-
olding.
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